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ABSTRACT
The Carolina Heelsplitter (Lasmigona decorata) is a federally endangered
freshwater mussel endemic to North and South Carolina, USA. The species has
experienced dramatic range-wide declines as a result of habitat fragmentation and
water quality deterioration, and the remaining populations are isolated and extremely
small. Conservation efforts for the Carolina Heelsplitter have been limited by a lack of
knowledge regarding distribution, life history traits, and habitat requirements. Our
objectives during this project were to 1. Evaluate the efficacy of an environmental DNA
(eDNA) assay to detect the Carolina Heelsplitter and a known host fish, the Bluehead
Chub, from stream water samples and 2. Develop a biotic integrity index to assess
habitat suitability within three ecologically important watersheds.
To determine if eDNA techniques can be used to detect the Carolina Heelsplitter
and the Bluehead Chub from stream water samples, we developed species specific
primer pairs and probes for the target taxa and applied our assay to water samples
collected from 100 randomly selected sites. While our assay validation successfully
detected the Carolina Heelsplitter in stream segments where the species was known to
occur, our results were highly variable, and we failed to detect the species at any new
locations within the study area. Detection rates for the Bluehead Chub were high,
indicating that host fish availability is relatively widespread within the study area and
likely not a limiting factor in Carolina Heelsplitter recruitment. Our results suggest that
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current eDNA sampling methods may be ineffective for some extremely rare unionid
taxa.
To assess habitat suitability, we developed a predictive model of
macroinvertebrate biotic integrity based on samples collected across 49 spatially
balanced sites. We used multiple linear regression and model ranking criteria to
evaluate potential drivers of biotic integrity at multiple spatial scales. We found that
local stream conditions were influenced by a relatively large spatial extent, and that land
use immediately adjacent to the stream edge plays a larger role in determining
biological condition than land use across the entire upstream watershed. Our results can
be used to identify areas of high and low habitat quality, evaluate connectivity between
populations, and prioritize locations for reintroducing propagated mussels.
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CHAPTER ONE: EVALUATING THE EFFICACY OF ENVIRONMENTAL DNA (eDNA) TO
DETECT AN ENDANGERED FRESHWATER MUSSEL LASMIGONA DECORATA (BIVALVIA:
UNIONIDAE)
Benjamin C. Schmidt, Stephen F. Spear, and Catherine M. Bodinof Jachowski
ABSTRACT
Environmental DNA (eDNA) sampling is a powerful tool for monitoring aquatic
organisms and has the potential to make significant contributions to the conservation of
freshwater mussels. Conventional survey methods for mussels can be expensive,
disruptive to habitat, and may be ineffective for detecting cryptic and rare species.
Environmental DNA can provide a non-invasive and cost efficient alternative, but its
utility is highly dependent on environmental conditions and target taxa. In this study, we
evaluated the efficacy of eDNA for detecting a federally endangered unionid mussel, the
Carolina Heelsplitter (Lasmigona decorata), in the Lynches River Sub-basin of North and
South Carolina, USA. We developed a qPCR assay for the detection of L. decorata from
stream water samples and applied our assay to water samples collected from 100
randomly selected sites while using an internal positive control to monitor PCR
inhibition in samples. We used logistic regression and model ranking criteria to assess
the relationships between sample inhibition and environmental variables. While our
assay validation successfully detected L. decorata in stream segments where the species
was known to occur, detectability was highly variable, and we failed to detect the
species at any new locations within the study area. We observed extensive inhibition in
our samples, and our model results indicated that pH was a strong predictor of the
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presence of inhibitory compounds. Our results highlight the importance of considering
sample inhibition in eDNA surveys and suggest that current eDNA methods may be
ineffective for some extremely rare unionid taxa.
INTRODUCTION
Freshwater mussels are among the most endangered taxa in North America with
over 70% of species considered endangered, threatened, or listed as special concern
(Strayer et al. 2004, Williams et al. 1993). Freshwater mussels are long-lived, sessile
filter feeders, with a unique life cycle in which larvae develop and disperse as obligate
ectoparasites on host fish (Barnhart et al. 2008, Haag 2012). These life history
characteristics make them particularly susceptible to anthropogenic disturbances and
habitat degradation (Haag 2012). Within the Southeastern United States, mussel
declines have been attributed to siltation, wastewater discharge, urban and agricultural
runoff, stream impoundments, and the introduction of invasive species (Bogan 1993,
Haag and Williams 2014, Gillis et al. 2017, Vaughn and Taylor 1999). Despite their
imperiled status, basic knowledge of habitat occupancy and species distributions are still
lacking for many taxa (Strayer 2008). Understanding the current distribution of
freshwater mussels and the status of remaining populations is necessary for establishing
habitat requirements and directing conservation and restoration efforts.
Traditional survey methods for freshwater mussels, which primarily involve
tactile and visual searches, depend on many factors including water clarity, time
constraints, and surveyor skill, and may be susceptible to observer biases associated
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with shell size or positioning in the substrate (Amyot and Downing 1991, Carlson et al.
2008, Hornbach and Deneka 1996). Intensive survey methods can be very expensive,
cause habitat disruption, and may not be effective for species present at low densities
(Stoeckle et al. 2016). In addition, field identification of freshwater mussels is quite
difficult, and both qualitative and quantitative survey methods require taxonomic
expertise. In the context of widespread species declines and extinction risk, new survey
methods are required to effectively assess mussel populations across broad spatial
extents, especially when funding and logistical constraints are prohibitive for traditional
survey methods.
Environmental DNA (eDNA) sampling is an emerging survey tool for monitoring
aquatic organisms with the potential to greatly improve the efficiency and accuracy of
aquatic sampling (Goldberg et al. 2016). This method is based on the collection,
extraction, and amplification of genetic material that is shed from aquatic organisms
into the water column (Jerde et al. 2011). The use of eDNA as a survey tool has been
successful for multiple taxa, including amphibians, fishes, and invertebrates from both
lentic and lotic systems (see Thomson and Willerslev 2015 for a review). While studies
focusing on freshwater mussels are less common (Belle et al. 2019), previous work has
indicated that eDNA may be a viable survey technique for mussels as well (Diener and
Altermatt 2014, Shogren et al. 2019, Stoeckle et al. 2016). In theory, the detection of
target species using eDNA requires less time and effort than traditional survey methods
and may also reduce observer error (Thomson and Willerslev 2015, Wilcox et al. 2013).
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The use of eDNA sampling can be particularly beneficial for rare and endangered species
when minimal disturbance of organisms and habitat is crucial (Rees et al. 2014).
Despite the potential benefits of eDNA sampling, there are a number of variables
associated with sample collection and processing which can lead to errors and
inaccurate results if not properly accounted for (Barnes et al. 2014, Jane et al. 2015).
One such variable is the presence of co-extracted compounds which can inhibit the
amplification of target DNA in samples, leading to false negatives (McKee et al. 2015,
Wilcox et al. 2018). Previous studies have identified a variety of co-extracted
compounds that can inhibit PCR amplification including tannic and humic acids, heavy
metals, polysaccharides, and excess salts (Schrader et al. 2012). These compounds can
result in sample inhibition through a variety of mechanisms including interfering with
cell lysis during extraction (Wilson 1997), binding with DNA templates, primers or
polymerases (Opel et al. 2010), and quenching the fluorescence of probes during qPCR
(Sidstedt et al. 2015). Depending on the environment and the conditions in which
samples were collected, the number of inhibited water samples can be extensive.
Understanding the spatial distribution of inhibitory compounds in an environment may
provide valuable insights into the dynamics of co-extracted compounds and potentially
yield predictive models for determining the likelihood that a given sample will be
inhibited.
The goal of this study was to evaluate the efficacy of eDNA as a survey tool for a
critically imperiled freshwater mussel, the Carolina Heelsplitter (Lasmigona decorata
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[Lea 1852]) in the Upper Lynches River Sub-basin in North and South Carolina. While the
complete historic range of L. decorata is unknown, available records indicate that it was
once fairly widely distributed in the Pee Dee, Catawba, Savannah, and Saluda River
systems throughout North and South Carolina (USFWS 1996). Presently, the species is
restricted to a few isolated streams and remnant populations are at risk from human
induced habitat alterations and deteriorating water quality (USFWS 2012). Based on the
most recent survey data, the extant populations are extremely small, with less than 200
individual mussels found in all of the surviving populations combined (USFWS 2012).
Recovery efforts for L. decorata would benefit from an eDNA assay, which could be used
as a non-invasive survey tool to monitor existing populations and search for unknown
populations. Our primary objective was to develop and validate an eDNA assay for L.
decorata and assess whether detection was possible despite low densities. After
observing a high level of sample inhibition during our initial sampling efforts, we added
an additional objective to investigate patterns of sample inhibition in relation to
environmental and methodological variables.
METHODS
Primer design
Existing sequence data for L. decorata, which included only the cytochrome C
oxidase subunit 1 (CO1), was not variable enough to develop species-specific primers
(King et al. 1999). Thus, in order to create a primer set and probe for our assay, we
extracted whole genomic DNA from tissue swabs of L. decorata captured within the
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study area. We used the Qiagen DNeasy blood and tissue kit (Qiagen) following the
standard protocol with swabs immersed in lysis buffer reagents. We amplified the
complete NADH dehydrogenase (ND1) mitochondrial gene (~1000 base pairs) using the
following primers (Serb et al. 2003):

Forward Primer (Leu-uurF)

5’-TGGCAGAAAAGTGCATCAGATTAAAGC-3’

Reverse Primer (LoGlyR)

5’-CCTGCTTGGAAGGCAAGTGTACT-3’

We ran extracts in 25 μl reactions consisting of 2.5 μl DNA extract, 12.5 μl 2X
Qiagen multiplex PCR master mix (Qiagen), and 0.2 μm of each forward and reverse
primer on a Bio-Rad T100 thermocycler (Bio-Rad). The thermal cycling protocol
consisted of an initial denaturing at 95°C for 15 minutes followed by 34 cycles of 94°C
for 30 seconds (denaturing), 57°C for 90 seconds (annealing), and 72°C for 90 seconds
(elongation), followed by a 10-minute final elongation at 72°C. Extraction and initial PCR
was done at The Wilds Conservation Science Training Center in Cumberland, Ohio. Prior
to sequencing, we purified PCR product with Exo-SAP IT reagent (Thermo-Fisher
Scientific). We submitted PCR product to the Ohio University Genomics Facility for bidirectional Sanger sequencing using the BigDye Terminator cycle sequencing kit (v 3.1,
Thermo-Fisher Scientific) on an Applied Biosystems 3130xl capillary sequencer (ThermoFisher Scientific). We inspected and aligned sequence data using Geneious Prime (v.
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2019.0, Kearse et al. 2012) and submitted sequence data of the ND1 gene of L. decorata
to GenBank.
Assay development
We designed a primer set and probe for L. decorata using Primer3Plus
(Untergasser et al. 2012). The primer pair amplifies a 109bp region of the NADH
dehydrogenase subunit 1 (ND1) mitochondrial gene. The sequence of the forward
primer, reverse primer, and probe are as follows:

Forward Primer

5’ CATGTCTGCCTGAGCAGTTA 3’

Reverse Primer

5’ TGACTCTCCTTCTGCGAAATC 3’

Probe

5’ 6FAM – TGCAAGAATGACTGCTAACCATATAGCCC – ZEN-IBFQ 3’

We assessed specificity (i.e., the probability of amplifying non-target DNA) using
Primer-BLAST (Ye et al. 2012) by comparing primers to all available sequence data
including both related species and non-target species known to occur within the region.
In addition, we assessed the potential for cross amplification with sympatric taxa using
tissue-derived DNA from Strophitus undulatus from individuals collected in the study
area.
Assay validation
In order to validate the selected primers, we collected positive controls from L.
decorata propagation tanks at the Orangeburg Mussel Conservation Center in South
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Carolina. Once validated, we established a pilot study to investigate the role of water
sample volume on assay sensitivity (i.e., the probability of detecting the target species
when present). In March 2019, we collected 6 replicate water samples at 3 volumes (1 L,
2 L, and 3 L) from a stream locality with an extant population of L. decorata and
calculated the probability of detection in relation to sample volume and the number of
replicate samples (Table 1). Based on the results of this pilot study and the logistical
constraints of field sampling, we chose to collect two 2 L samples from each site. Based
on a mean estimated detection probability of 0.36 (95% CI = 0.19–0.56), we estimated
that this approach would facilitate a 59% (i.e., 1-(1-0.36)2 = 0.59) chance of detecting
our focal species in at least one of our replicate samples from a truly occupied site.
Study area and sampling design
Our study took place in three watersheds within the Lynches River sub-basin,
representing the upper Lynches river and its primary tributaries (Figure 1). The study
area is a heterogenous landscape and marks the transition between the Piedmont and
Southeastern Plains ecoregions in North and South Carolina (Omernik and Griffith 2014,
USEPA 2013). The Lynches River sub-basin (HUC 10: 03040202) is recognized as a
conservation priority in South Carolina and contains 67 species of fish, 10 species of
crayfish, and 15 species of freshwater mussel, many of which are considered imperilled
(Elkins et al. 2016). Furthermore, the largest known extant L. decorata populations occur
in our study area and represent the most stable of the six critical habitat units
designated by the United States Fish and Wildlife Service (USFWS 2002).
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Using ArcMap 10.7 (Esri) and the National Hydrology Dataset Plus (NHDPlus v2.1)
(USGS 2019), we identified potential sampling sites as all locations where a navigable
roadway intersected a stream as defined by the National US Primary and Secondary
Roads TIGER/line dataset (US Census Bureau 2017). From the pool of 496 sites, we
selected a total of 100 sampling sites using a generalized random tessellation stratified
sampling design with the ‘spsurvey’ package (Kincaid et al. 2019) in R (version 3.6.1, R
Core Team 2019). We stratified sites by stream order (five levels: 1st, 2nd, 3rd, 4th, and 5th)
to ensure sampling across a wide range of stream sizes and established a minimum
stream distance of 1 km between sites to reduce spatial autocorrelation. Due to a
limited number of fourth and fifth order stream sites within the study area, we sampled
all available sites within those orders and distributed the remaining sites across the
lower order streams. In total, we sampled 26 first order streams, 33 second order
streams, 24 third order streams, 13 fourth order streams, and four fifth order streams.
Field sampling
At each site, we collected two consecutive 2 L surface water samples from the
stream edge using new polyethylene bottles. To monitor potential contamination
between sites, we paired water samples from each site with 1 L negative controls
consisting of distilled or tap water poured on site and transported back to the lab
alongside the stream water samples. All water samples were transported in individual
sealed plastic bags on ice and processed within 12 hours of collection. Following sample
collection, we recorded water quality data from the point of collection using a YSI Pro
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Plus (Xylem Analytics) and a portable turbidity meter (Sper Scientific, Ltd.). We collected
samples between May 7 and July 4 of 2019 during three separate sampling periods. We
collected samples from 19 sites between May 7–11, 46 sites between May 28–June 8,
and 35 sites between July 1–4. We collected positive controls during each sampling
period from a fourth order stream locality with an extant population of L. decorata
(Figure 1).
Based on the low number of detections from the initial sample of 100 sites (see
results), we sampled an additional 16 sites in October 2019 as we suspected that
detection of L. decorata may increase in the fall as a result of spawning (e.g., Spear et al.
2015). While the timing of fall spawning for L. decorata remains largely unknown, state
and federal malacologists suspect that it occurs between August and November based
on water temperature cues (M. Kern and M. Wolf, personal communication, 2019). We
selected these 16 sites non-randomly along a 42 km stream network that collectively
encompassed the designated critical habitat for the species within the study area
(USFWS 2002). We suspected that this network would include the portion of our study
area most likely to harbor previously undetected L. decorata populations.
We filtered water samples through 5 μm cellulose nitrate filters (Whatman
International, Ltd.) using an electric vacuum pump assembly. When filters became
clogged, we used multiple (up to 4) filters to reach our target volume (2L) for each
sample. We stored filters in microcentrifuge tubes containing 95% ethanol at -80 °C until
DNA extraction.
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Laboratory methods
We extracted DNA from the filters using the DNeasy Blood and Tissue Kit
(Qiagen) with the addition of a Qiashredder spin column (Qiagen) after the initial lysis
buffer step (Goldberg et al. 2011). Prior to extraction, we cut filters in half, storing one
half in ethanol as a backup and allowing the other half to dry overnight. For samples
that required multiple filters, we processed each filter separately until the spin column
step, at which point we loaded each filter extract onto the same column and processed
the combined extract as a single sample for the remainder of the extraction process.
We used DNA extractions from tissue swabs of L. decorata collected within the
study area to create standards for the qPCR assay. Each plate included standards at four
dilution points (10-3, 10-4, 10-5, and 10-6) in addition to an extraction negative and a no
template control. We conducted all extractions and PCR setup within lab space
dedicated to low-copy DNA extractions at The Wilds Conservation Science Center in
Cumberland, Ohio.
We ran real time qPCR assays in triplicate using an Applied Biosystems 7500 Fast
Real-Time PCR System (Thermo-Fisher Scientific) (Heid et al. 1996). Samples were run in
20 ul reactions consisting of 7.5 μl of Quantitect© Multiplex PCR mastermix (Qiagen), 0.4
uM of the forward and reverse primers, 0.2 uM of probe, 0.6 μl of 10x TaqMan
Exogenous Internal Positive Control (IPC) Mix (Thermo-Fisher Scientific), 0.3 μl of 50x
TaqMan Exogenous Internal Positive Control DNA (Thermo-Fisher Scientific), 3.0 ul
RNase free water, and 2.85 ul of sample extract. After failing to detect L. decorata in
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positive field controls from the first sampling period (see results), we modified the
protocol by replacing the RNase free water with an additional 3 ul of sample extract in
an attempt to increase the amount of target DNA and thus detection for the remaining
samples. We amplified a total of 59 samples using 2.85 ul of sample extract and 139
samples using 5.85 of sample extract. The qPCR cycling protocol consisted of an initial
denaturing step at 95°C for 15 minutes, followed by 50 cycles of 94°C for 1 minute
(denaturation) and 60°C for 1 minute (annealing and extension).
We used Applied Biosystems Software v2.06 (Thermo-Fisher Scientific) to
analyze the amplification results. Manual thresholds for amplification were set using the
Ct value at which all standards amplified. We considered samples to be positive, and
indicative of species presence, if they amplified the IPC and target DNA in at least one of
the three PCR technical replicates. To reduce the risk of false positives due to
contamination, we only considered samples to be positive if there was no observed
amplification in their associated negative field control, extraction control, and no
template control. We considered samples to be inhibited if the IPC failed to amplify
during qPCR (Hartman et al. 2005). We ran a subset of the inhibited samples (n = 52)
through a commercial inhibitor removal spin column (Zymo Research) to investigate the
potential for removing inhibitory compounds from samples collected in the study area.
Model development and selection
We used logistic regression to investigate the effects of environmental variables
and lab methods on the probability of inhibition in samples (Table 2). We considered
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sample inhibition as a binary response variable based on whether the IPC crossed the
amplification threshold set by the standards. We screened variables based on Pearson’s
correlation coefficients using package ‘Hmisc’ (Harrell 2020) in R (version 3.6.1, R Core
Team 2019) to avoid coefficient estimation issues when predictors were collinear (|r| <
60%). Physiography and pH were highly correlated (r = 0.69, df = 196, p = < 0.001). We
retained pH over physiography after comparing AICc scores of univariate models with
either pH or physiography.
We developed a candidate set of seven models, each of which corresponded to
an a priori hypothesis concerning drivers of inhibition (Table 3). We used a laboratory
methods model to represent our hypothesis that a higher sample extract volume,
especially from combined filters, would yield higher concentrations of co-extracted
substances, some of which may act as inhibitory compounds during qPCR. We used a
model with seasonal variables and sample period to represent our hypothesis that
sample inhibition would become more prevalent in mid to late summer when water
levels are typically lower and thus inhibitory compounds may be more concentrated in
the water column (Jane et al. 2015, Wachob et al. 2009). We used a univariate model
with stream order to represent our hypothesis that the probability of inhibition will be
lower in samples from larger streams as inhibitory compounds are likely more diluted in
the water column. We used a water chemistry model to represent our hypothesis that
the concentration of inhibitory compounds (e.g., humic acids) would be higher in
streams with degraded water quality (e.g., high conductivity, low dissolved oxygen (DO),
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and low pH). In addition, we used a univariate model with pH to represent our
hypothesis that inhibitory compounds would be most prevalent in highly acidic streams
(Tan et al. 1990). We used a univariate model with turbidity to represent our hypothesis
that suspended particulate is a primary driver of sample inhibition (Harper et al. 2018,
Williams 2017). Finally, we included a null model that assumed a constant rate of
inhibition across all samples. We included site ID as a random effect in every model to
account for the similarities between samples collected from the same stream locality.
We fit models using maximum likelihood methods with the package ‘lme4’
(Bates et al. 2015) and ranked models using the Akaike Information Criterion adjusted
for small sample size (AICc) (Akaike 1974) with the package ‘AICmodavg’ (Mazerolle
2019) in R (version 3.6.1, R Core Team 2019). We selected the top ranked models based
on a 95% confidence set (Burnham and Anderson 2002). We based inference on well
supported parameters in our top ranked models, where we considered parameters to
be well supported if the 95% confidence interval for the effect size did not overlap 0. To
understand the variability in our data explained by covariates, we calculated marginal
(fixed effects only) and conditional (fixed and random effects) R2 values for the top
ranked model using package ‘MuMIn’ in R (Bartoń 2020, Nakagawa et al. 2017).
While AIC model ranking identifies the most supported model within the
candidate suite, it does not provide a metric for model performance. To assess
performance and predictive ability for the top ranked models, we used K fold cross
validation (Boyce et al. 2002). We ran five iterations using an 80:20 split of training to
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testing data, refitting the top ranked models for each replicate of training data. We then
used the newly fitted models to make predictions for the corresponding testing data.
We pooled the results of the testing data and used a receiver operating characteristic
curve (ROC) to evaluate the predictive ability of each model (i.e., the ability to
distinguish inhibited samples from uninhibited samples).
Briefly, a ROC curve plots the true positive rate (sensitivity) and false positive
rate (1-specificity) of a model at all possible threshold settings. The area under the curve
(AUC) is an assessment of a model’s predictive power and ranges from 0.5 to 1.0. When
the AUC = 1, the model has perfect predictive ability and when the AUC is 0.5, the
predictive ability of a model is no better than random chance. A model with good
predictive ability has an AUC of greater than 0.7 (Boyce et al. 2002).
RESULTS
Detection of L. decorata
We collected a total of 200 samples from 100 sites. All negative field controls,
extraction controls, and no template controls performed as expected with no indication
of target DNA amplification. However, we removed one site from analysis due to
inhibition in the negative control. Aside from our initial positive controls used in assay
validation, we did not detect L. decorata from any stream water samples, including later
positive controls and samples collected in October during the presumed fall spawning.
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Patterns of inhibition
We used a total of 198 samples collected from 99 sites to investigate patterns of
inhibition. In total, 38% of our samples (78 of 198) were inhibited. Thirty-four sites were
inhibited across all samples and an additional 10 sites were inhibited in at least one of
the samples (Figure 2). In a post-hoc exploration of our results, we noted that sample
inhibition was strongly correlated with physiographic province and sites with
catchments located primarily in the Southeast Plains ecoregion were much more likely
to have inhibited samples than sites draining lands in the Piedmont ecoregion (75% of
samples from the SE Plains vs. 15% of samples from the Piedmont). After running
sample extract from 52 inhibited samples through the commercial inhibition removal
spin kit (Zymo Research), 23% of processed samples amplified the IPC during the second
round of qPCR (12 of 52), though none of the cleared samples amplified target DNA.
Two models fell within our 95% confidence set and collectively accounted for
100% of the AICc model weight (Table 3). The top ranked model included pH as a
univariate parameter (wi = 0.58), and the second ranked model included pH as well as
DO and conductivity (wi = 0.42). Model weights indicated that the pH model was 1.4
times more likely to be the best fitting model in our candidate set than the second
ranked model. Both models indicated that pH was a strong predictor of sample
inhibition. (Table 4). In addition, the second ranked model indicated that sample
inhibition was positively associated with DO concentrations and conductivity. However,
95% confidence intervals for both parameters overlapped 0, suggesting considerable
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uncertainty in the effects of DO and conductivity (Table 4). For simplicity, we do not
discuss the effects of DO or conductivity in our second ranked model further.
The top ranked model explained 98% of observed variation in sample inhibition
(conditional R2 = 0.98), with fixed effects accounting for the majority of the variation
(marginal R2 = 0.66) (Nakagawa et al. 2017). Both top-ranked models indicated a strong
threshold relationship between pH and inhibition. Below a pH of 6, 95% of samples were
inhibited, whereas above a pH of 6, only 16% of samples were inhibited (Figure 3). Our
five-fold model cross validation suggested that the pH model performed well when used
to predict whether water samples would be inhibited (AUC = 0.89).
DISCUSSION
Detection of L. decorata
Environmental DNA is quickly becoming an important tool for conservation
biology and the detection of rare and endangered taxa (Thompson and Willerslev 2015).
The number of studies using eDNA techniques has increased exponentially in the last
decade, coupled with a similar increase in the number of reviews, opinion papers, and
published protocols (Belle eta l. 2019, Coble et al. 2019). Many of these studies have
indicated that eDNA may be more sensitive than traditional survey methods for
detecting cryptic or rare taxa, with new eDNA detections often confirmed by intensive
follow-up surveys using traditional techniques (Dejean et al. 2012, Jerde et al. 2011,
Pilliod et al. 2013). In contrast to these studies, our eDNA assay was less sensitive than
previous visual and tactile surveys implemented within the study area. While the
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occupancy status of our sampling sites was unknown, we repeatedly failed to detect L.
decorata at our positive control site which was located immediately downstream from a
known population (M. Wolf, Personal Communication, 2019). Our results indicate that
eDNA sampling may not currently be a viable survey for all freshwater mussels,
especially for endangered species that occur at low densities.
Many aspects of eDNA detection in lotic systems remain poorly understood
(Roussel et al. 2015). Our inability to amplify target DNA from stream water samples
may be the result of true absence, low density populations, rates of mussel eDNA
shedding, rates of eDNA degradation or dilution, or processes affecting suspension and
downstream transport (Harrison et al. 2019, Rees et al. 2014, Sansom and Sassoubre
2017). Previous studies have indicated that detection of freshwater mussels using eDNA
may depend on mussel density and overall biomass. For example, Wacker et al. (2019)
found that detection of Margaritifera margaritifera was highly dependent on the size of
the upstream population and observed low detection rates immediately downstream
from a population of 100 individuals. Similarly, Gasparini et al. (2020) was unable to
detect unionid DNA at distances of more than 10 m from a small caged population of
Lampsilis fasciola. While some freshwater mussel species exist in large populations that
can be detected at distances of 1 km or more (Deiner and Altermatt 2014, Shogren et al.
2019), many imperiled species exist at low densities in fragmented populations (Strayer
et al. 2004). Our results indicate that detection of these low-density mussel populations
using eDNA may be difficult without additional methods to improve sensitivity.
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In addition to density, seasonal changes in environmental conditions and
organism behavior can affect the concentration of eDNA in the water column by altering
both the rate of eDNA production and the time frame in which it can be detected. For
example, water temperature has a strong effect on the rates of DNA degradation in lotic
systems (Eichmiller et al. 2015, Strickler et al. 2015, Tsuji et al. 2017) and seasonal
changes in hydrology impact rates of DNA suspension and dilution (Jane et al. 2015). For
freshwater mussels, reproductive events such as spawning or the release of glochidia
may increase the concentration of genetic material in the water column. For example,
Wacker et al. (2019) observed a 20-fold increase in unionid eDNA concentrations during
late summer, coinciding with spawning of M. margaritifera. Similar increases of aquatic
eDNA during periods of reproduction have been observed for amphibians (Buxton et al.
2017, Spear et al. 2015), fish (Milhau et al. 2019), and arthropods (Dunn et al. 2017).
Importantly, we were able to detect L. decorata at our positive control site in March of
2019 during assay validation. However, we failed to detect the species in subsequent
control samples collected from the same locality in May, June, July, and October of
2019. Within our study area, early spring conditions include cooler water temperatures
and higher flow rates than in the summer and fall, potentially resulting in slower
degradation rates and allowing genetic material to remain suspended in the water
column for longer distances from the source (Jane et al. 2015). In addition, the spring
release of glochids by gravid female L. decorata may have increased the concentration
of eDNA in the water column during spring compared to later sampling periods. Similar
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increases in eDNA concentration may also occur during fall spawning, when male L.
decorata broadcast sperm into the water column. Our inability to detect L. decorata
during the fall sampling period may indicate that the spawning period occurs before or
after mid-October. In some unionid species, spawning is highly synchronous and may
last only a few weeks (Haggarty et al. 2011, Haggarty and Garner 2000). We recommend
that future sampling be conducted at set intervals during both spring and fall to better
understand how reproductive events affect the seasonal detection of L. decorata.
Patterns of inhibition
We observed inhibition in a considerable number of samples, highlighting the
importance of including an internal positive control (IPC) in all samples during qPCR to
reduce the risk of false negatives resulting from PCR inhibition. While previous studies
have investigated the temporal variation in co-extracted compounds (Gasparini et al.
2020, Jane et al. 2015), few studies have considered the spatial distribution of inhibitory
compounds in a given environment. Our results indicate that inhibitory compounds are
heterogeneously distributed in our study area, with higher concentrations occurring in
streams with low pH. This may be due to the presence of dissolved organic matter, such
as humic acids and tannins, which can lower the pH of stream water at high
concentrations (Hemmond 1994, Tan et al. 1990). The strong correlation between pH
and physiography indicates that eDNA sampling may be difficult areas where streams
are naturally acidic, such as the Southeast Plains ecoregion. Measuring the pH of
sampling sites could potentially be an efficient and low-cost way to estimate the
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probability of sample inhibition before investing in eDNA sample collection and
processing. In addition, acidic samples may contain less eDNA than neutral of alkaline
samples because acidic conditions catalyze hydrolytic processes that degrade DNA
(Seymour et al. 2018).
A variety of methods have been implemented to reduce the effects of inhibitory
compounds including sample dilution, additive compounds such as bovine serum, or the
use of inhibition resistant reagents such as Taqman Environmental Master Mix (ThermoFisher Scientific) (Jane et al. 2015, Kreader 1996, McKee et al. 2015). In addition,
methods to actively remove co-extracted compounds from sample extract using
inhibitor removal kits, such as the Zymo OneStep (Zymo Research) spin column, have
been successful in some cases (McKee et al. 2015, Niemiller et al. 2018, Williams et al.
2017). However, after processing a subset of our inhibited samples using the Zymo spin
columns, the majority (77%) remained fully inhibited during the second round of
amplification. These results indicate that post extraction inhibitor removal kits may not
be an effective method for processing inhibited samples in our study area.
Management implications
Our study adds to the growing body of literature on the utility of eDNA sampling
to detect and map the distribution of freshwater mussels and it is among the first to
attempt watershed-wide detection of an endangered mussel. Our results provide insight
into the potential limitations of eDNA sampling and highlight the need for highresolution sampling designs for rare and endangered mussels. Several methods for
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increasing eDNA detection have been identified including the use of nested primers
(Stoeckle et al. 2016), multi-filter assemblies (Hunter et al. 2019), and droplet digital PCR
technology (Doi et al. 2015, Hunter et al. 2017). In addition, a recent study by
Schabacker et al. (2020) utilized large pore filter membranes and a mesh tow net to
collect over 3,000 L of water per eDNA sample in lentic environments; a similar method
could be employed in lotic environments to collect significantly larger volumes of water,
and potentially larger quantities of eDNA (Wilcox et al. 2018).
While we were unable to detect L. decorata from sampling sites, our eDNA assay
was effective in the detection of target DNA from propagation tanks, where population
densities were high. This indicates that our primer and probe design may be useful for
identifying specimen with ambiguous morphology or for the molecular ID of glochidia in
host specificity studies (e.g., Kneeland and Rhymer 2008). In addition, our sample
extracts can be repurposed to detect other taxa within the study area (Dysthe et al.
2018), which is beneficial considering the number of imperilled taxa in the Upper
Lynches River sub-basin and the costs associated with eDNA sample collection and
extraction.
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TABLES
Table 1. Estimated cumulative probability of detection for Lasmigona decorata
(probability of detecting the target species in at least one replicate sample) and
associated 95% confidence intervals based on sample volume and the number of sample
replicates.
Volume (L)

1 Sample

2 Samples

3 Samples

1

0.27 (0.09-0.57)

0.47 (0.17-0.82)

0.61 (0.25-0.92)

2

0.36 (0.19-0.56)

0.59 (0.34-0.80)

0.74 (0.47-0.92)

3

0.46 (0.20-0.73)

0.71 (0.36-0.93)

0.84 (0.49-0.98)
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Table 2. List of covariates used to model sample inhibition in the Upper Lynches River Sub-basin in North and South Carolina
and the observed range of values across sampled sites (n = 99).
Variable

Description

Type

Mean (Range)

Filter

Categorical variable for whether filters were combined during
extraction process

Lab Method

NA

Volume

Volume of stream water (L) filtered through each filter

Lab Method

1.4 (0.5-2.0)

Extract

Volume of sample extract used in amplification protocol (either 2.85
μl or 5.85 μl)

Lab Method

NA

DO

Dissolved oxygen (mg/l) at sampling location during time of
collection (Scaled as x/10)

Water Chemistry

6.9 (0.6-9.0)

Temp

Water temperature (°C) at sampling location during time of
collection

Water Chemistry

21.4 (17.5-29.8)

Conduct

Conductivity (μS/cm) at sampling location during time of collection
(Scaled as x/10)

Water Chemistry

8.8(1.0-74.4)

Turbid

Turbidity (NTU) at sampling location during time of collection

Water Chemistry

10.5 (0.1-24.1)

pH

pH at sampling location during time of collection

Water Chemistry

5.9 (2.9-7.3)

Season

Categorical variable for collection date in 2019 (grouped into 3
sampling periods: 1 = May 7-11, 2 = May 28-June 8, and 3 = July 1-4)

Temporal

NA

Order

Strahler stream order at the target segment based on the NHD Plus
v2.1 (USGS 2019)

Hydrological

3 (1-5)

Site

Random effect representing the stream site where samples were
collected
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Table 3. Candidate models used to investigate the effects of environmental variables and laboratory methods on the
probability of inhibition in stream water samples. All models included a random effect representing site ID.
Model

Structure

Ka

AICC b

ΔAIC

Likelihood

Wi c

AUC d

pH

pH + Site

3

128.34

0.00

1.00

0.58

0.89

Water Chemistry

DO + Conduct + pH + Site

5

129.00

0.66

0.72

0.42

0.88

Lab Methods

Filter + Volume + Extract + Site

5

183.48

55.14

0.00

0.00

Hydrology

Order + Site

3

191.95

63.61

0.00

0.00

Null

Site

2

197.64

69.30

0.00

0.00

Turbidity

Turbid + Site

3

199.46

71.12

0.00

0.00

Seasonality

Season + Temp + Conduct + Site

6

202.28

73.94

0.00

0.00

a

Number of estimated parameters in the model
Akaike’s information criterion, adjusted for small sample size
c
Relative model weight
d
Area under the receiver operating characteristic (ROC) curve from model cross validation
b
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Table 4. Coefficients with 95% confidence intervals and odds ratios for the confidence set models describing the probability
of sample inhibition in the Upper Lynches River Sub Basin in North and South Carolina. Parameters with an * indicate effect
sizes that did not overlap 0 in 95% confidence intervals.
Model

Parameter

Estimate

Std. Error

95% Confidence Intervals

pH model

(Intercept)

55.93

21.47

13.84

98.02

pH *

-9.73

3.68

-16.94

-2.51

(Intercept)

61.94

21.32

14.29

109.60

pH *

-11.91

4.71

-21.14

-2.68

Dissolved oxygen

0.78

0.71

-0.59

2.16

Conductivity

0.23

0.16

-0.10

0.55

Water Chemistry model
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FIGURES

Figure 1. Map of study area where water samples were collected, consisting of three HUC 10 watersheds within the Lynches
River sub-basin of the Pee Dee River Basin. Two water samples were collected from each site.
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Figure 2. Relationship between pH and the estimated probability of inhibition in environmental DNA samples. Solid line
represents mean estimated effects and dashed lines represent 95% confidence intervals of the fitted regression line based on
our top-ranked model.
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CHAPTER TWO: USING ENVIRONMENTAL DNA (eDNA) TO PREDICT HOST FISH
DISTRIBUTION FOR AN ENDANGERED FRESHWATER MUSSEL LASMIGONA DECORATA
Benjamin C. Schmidt, Stephen F. Spear, and Catherine M. Bodinof Jachowski
ABSTRACT
The larvae of Unionid freshwater mussels are obligate ectoparasites on host fish
for both dispersal and development into free-living juveniles. This host-parasite
relationship plays a critical role in determining the distribution, demography, and
survival of populations. Understanding spatial patterns of host fish occupancy can help
managers identify suitable mussel habitat, evaluate connectivity between populations,
and prioritize locations for reintroducing propagated mussels. In this study, we
developed a qPCR assay to assess host fish availability for a federally endangered
freshwater mussel, the Carolina Heelsplitter (Lasmigona decorata) in the Lynches River
Sub-basin of North and South Carolina. We collected replicate water samples across 100
spatially balanced sites and used single season occupancy modelling to develop
predictive models of host fish occupancy as a function of remotely sensed and in-stream
environmental variables. Our results indicate that streams within the study area have a
59% (Ψ = 0.59 [0.44-0.73]) chance of being occupied by suitable hosts, although we
were unable to find support for in-stream or landscape variables as drivers of host fish
occupancy. This study suggests that suitable hosts are relatively widespread within the
Lynches River sub-basin, and that host availability is likely not a limiting factor for
Carolina Heelsplitter recruitment.
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INTRODUCTION
Freshwater mussels are among the most imperiled aquatic groups in North
America (Strayer et al. 2004) with over 70% of recognized taxa considered endangered,
threatened, or of special concern (Haag 2009, Williams et al. 1993). Many species have
undergone severe declines in the last century and persist only in small fragmented
populations with a low probability of survival (Haag 2012). Within the Southeastern
United States, freshwater mussel declines have been attributed to impoundments and
channelization, poor land use practices, water quality degradation, and the introduction
of invasive mollusks (Haag 2012, Neves et al. 1997). The relative influence of these
factors, however, are poorly understood, and many mussel populations remain
vulnerable to multiple enigmatic stressors (Downing et al 2010).
Agencies tasked with the conservation of freshwater mussels must consider
several characteristics of their biology, including a unique life cycle in which larvae
(glochidium) are obligate ectoparasites on host fish for both development and dispersal
(Barnhart et al. 2008) (Figure 1). This dependency on host fish plays a critical role in
determining the distribution, demography, and survival of populations (Haag 2012,
Modesto et al. 2018, Schwalb et al. 2013, Strayer 2008). Many factors influence the
distribution and movement of fish in lotic environments including dispersal ability,
physiological tolerance, life history characteristics, and biotic interactions (Angermeier
et al. 2002). In addition, the natural processes shaping stream fish distributions have
been significantly altered by anthropogenic impacts, including habitat loss and
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fragmentation (Dudgeon et al. 2006), pollution (Lloyd 1992), climate change
(Xenopoulos et al. 2005), and the introduction of invasive species (Lepriuer et al. 2008).
Models that predict occupancy patterns for fish in relation to environmental features
and anthropogenic impacts have been developed for a variety of species (Anderson et
al. 2012, Dextrase et al. 2014, Kennard et al. 2006, Oberdorff et al. 2001). These
predictive models could be used to efficiently assess host fish availability across broad
spatial extents, especially when developed using remotely sensed and GIS-based
parameters (Guisan and Zimmermann 2000). Models of host fish distribution could be
used to help identify suitable habitat for freshwater mussels, evaluate connectivity
between populations, and prioritize locations for reintroducing propagated stock.
The goal of our study was to assess host fish occupancy patterns for the federally
endangered Carolina Heelsplitter (Lasmigona decorata [Lea 1852]) within the Upper
Lynches River Sub-basin in North and South Carolina. While the complete historic range
of the species is unknown, available records indicate that it was once fairly widely
distributed in the Pee Dee, Catawba, Savannah, and Saluda River systems (USFWS 1996).
Presently, the species is restricted to a few isolated streams and the remaining
populations are at risk from habitat alterations and deteriorating water quality (USFWS
2012). Understanding habitat requirements and identifying suitable reintroduction sites
for propagated mussels are both listed as important conservation goals within the
recovery plan (USFWS 1996). Previous research has identified several minnow species
(Cyprinidae) as suitable hosts for L. decorata, and propagation is underway at multiple
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facilities in North and South Carolina (Eads et al. 2010). Based on results from Eads et al.
(2010) we used occupancy patterns of the Bluehead Chub (Nocomis leptocephalus) as a
proxy for host fish availability and developed an environmental DNA (eDNA) assay for
detecting the species from stream water samples. Our primary objective was to
investigate N. leptocephalus occupancy in relation to in-stream and GIS-based variables
in order to develop predictive maps of host fish distribution within the study area.
METHODS
Assay development and validation
In order to identify N. leptocephalus DNA from water samples, we designed a
primer set and probe using Primer3Plus (Untergasser et al. 2012) with sequence data
from Genbank. The primer pair amplifies a 120 bp region of the cytochrome b
mitochondrial gene. The sequence of the forward primer, reverse primer, and probe are
as follows:

Forward Primer

5’ TGAACACTGGTAGCAGACATAC 3’

Reverse Primer

5’ GAGAACAAGGAATAGCGCAAAG 3’

Probe

5’ CAL Fluor Red 610 – TCGGCCAAATCGCATCGGTTCTAT – BHQ-2 3’

We assessed specificity (the probability of amplifying non-target DNA) using
Primer-BLAST (Ye et al. 2012) by comparing primers to all available sequence data
including both related species and non-target species known to occur in the study area.
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In addition, we assessed the potential for cross amplification with sympatric taxa using
tissue-derived DNA from Semotilus lumbee and Semotilus atromacultaus, using fin clips
from individuals collected within the study area. We validated our assay using positive
control samples collected from stream sites with known N. leptocephalus populations.
We confirmed occupancy status at each positive control site using data from
electrofishing surveys (B. Peoples, personal communication, 2019).
Study area and sampling design
Our study took place in three watersheds within the Lynches River sub-basin,
representing the upper Lynches river and its primary tributaries (Figure 2). The study
area is a heterogenous landscape and marks the transition between the Piedmont and
Southeastern Plains ecoregions in North and South Carolina (Omernik and Griffith 2014,
USEPA 2013). The Lynches River sub-basin (HUC 10: 03040202) is recognized as a
conservation priority in South Carolina and contains 67 species of fish, 10 species of
crayfish, and 15 species of freshwater mussel, many of which are considered imperilled
(Elkins et al. 2016). Furthermore, our study area contains the largest known extant L.
decorata populations and the most stable of the six critical habitat units designated by
the USFWS (USFWS 2002).
Using ArcMap 10.7 (Esri) and the National Hydrology Dataset Plus (NHDPlus v2.1)
(USGS 2019), we identified potential sampling sites as all locations where a navigable
roadway intersected a stream, as defined by the National US Primary and Secondary
Roads TIGER/line dataset (US Census Bureau 2017). From the pool of 496 sites, we
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selected a total of 100 sampling sites using a generalized random tessellation stratified
sampling design with the ‘spsurvey’ package (Kincaid et al. 2019) in R (v 3.6.1; R Core
Team 2019). We stratified sites by stream order (five levels: 1st, 2nd, 3rd, 4th, and 5th) to
ensure sampling across the full range of stream orders within the study area and
established a minimum stream distance of 1 km between sites to reduce spatial
autocorrelation. Due to a limited number of fourth and fifth order stream sites within
the study area, we sampled all available sites within those orders and distributed the
remaining sites across the lower order streams. In total, we sampled 26 first order
streams, 32 second order streams, 24 third order streams, 13 fourth order streams, and
4 fifth order streams.
Field sampling
At each site, we collected two consecutive 2 L surface water samples from the
stream edge using new polyethylene bottles. To monitor potential contamination
between sites, we paired water samples from each site with 1 L negative controls
consisting of distilled or tap water poured on site and transported back to the lab
alongside the stream water samples. All water samples were transported in individual
sealed plastic bags on ice and processed within 12 hours of collection. Following sample
collection, we recorded water quality data from the point of collection using a YSI Pro
Plus (Xylem Analytics) and a portable turbidity meter (Sper Scientific). We collected
samples between May 7 and July 4 of 2019 during 3 separate sampling periods. We
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collected samples from 19 sites between May 7–11, 46 sites between May 28–June 8,
and 35 sites between July 1–4.
We filtered water samples through 5 μm cellulose nitrate filters (Whatman
International, Ltd.) using an electric vacuum pump assembly. When filters became
clogged, we used multiple (up to 4) filters to reach our target volume (2L) for each
sample. We stored filters in microcentrifuge tubes containing 95% ethanol at -80 °C until
ready for DNA extraction.
Laboratory methods
We extracted DNA from the filters using the DNeasy Blood and Tissue Kit
(Qiagen) with the addition of a Qiashredder spin column (Qiagen) after the initial lysis
buffer step (Goldberg et al. 2011). Prior to extraction, we cut filters in half, storing one
half in ethanol as a backup and allowing the other half to dry overnight. For samples
that required multiple filters, we processed each filter separately until the spin column
step, at which point we loaded each filter extract onto the same column and processed
the combined extract as a single sample for the remainder of the extraction process.
We used DNA extractions from fin clips of N. leptocephalus collected within the
study area to create standards for the qPCR analysis. Each plate included standards at 4
dilution points (10-3, 10-4, 10-5, and 10-6) in addition to an extraction negative and a no
template control. We conducted all extractions and PCR setup within lab space
dedicated to low-copy DNA extractions at The Wilds Conservation Center in
Cumberland, Ohio.
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We ran real time qPCR assays in triplicate using an Applied Biosystems 7500 Fast
Real-Time PCR System (Thermo Fisher Scientific). Samples were run in 20 ul reactions
consisting of 7.5 μl of Quantitect© Multiplex PCR mastermix (Qiagen), 0.4 uM of the
forward and reverse primers, 0.2 uM of probe, 0.6 μl of 10x TaqMan Exogenous Internal
Positive Control Mix (Thermo Fisher Scientific), and 0.3 μl of 50x TaqMan Exogenous
Internal Positive Control DNA (Thermo Fisher Scientific). To investigate the potential
effects of sample extract volume on detection, we amplified 59 samples using 2.85 ul of
sample extract and 139 samples using 5.85 μl of sample extract. The qPCR cycling
protocol consisted of an initial denaturing step at 95°C for 15 minutes, followed by 50
cycles of 94°C for 1 minute (denaturation) and 60°C for 1 minute (annealing and
extension).
We used Applied Biosystems Software v2.06 (Life Technologies) to analyze the
amplification results. Manual thresholds for amplification were set using the Ct value at
which all standards amplify. We considered samples to be positive, and indicative of
species presence, if they amplified the IPC and target DNA in at least one of the three
PCR technical replicates. To reduce the risk of false positives due to contamination, we
only considered samples to be positive if there was no observed amplification in their
associated negative field control, extraction control, or no template control. We
considered samples to be inhibited if the internal positive control (IPC) failed to amplify
during qPCR and we removed all inhibited samples from further analysis (Hartman et al.
2005).
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Quantifying environmental covariates
We used geographic information system (GIS) based and in-stream variables to
quantify hydrologic, chemical, physiographic, and land cover variables for each site
(Table 1). We considered land use variables that corresponded with three separate
spatial scales: the local catchment, the watershed-wide riparian area, and the entire
upstream watershed (Figure 3). Local catchments included the contributing area
surrounding a stream segment as defined by the NHD Plus v2.1 (USGS 2019) (Figure 3A).
Watershed-wide riparian areas included the collective extent of riparian area
surrounding all upstream tributaries to a distance of 50 m from each side of the stream
(figure 3B). Upstream watersheds included all land within the contributing area
upstream of the sampling location (Figure 3C).
We used ArcMap 10.7 (ESRI) to delineate catchments and quantify
environmental variables at each spatial scale. We quantified land use variables using the
2016 National Land Cover Dataset (NLCD 2018, see Yang et al. 2018) at a spatial
resolution of 30 m. We combined deciduous, evergreen, and mixed forest types into a
single forest classification and included separate variables for the proportion of forest
and the percent canopy cover within catchments. We combined all development classes
(low, medium, high, and open space) into a single development classification and
combined the hay/pasture and cultivated crops into a single agricultural classification. In
total, we quantified 4 land use classifications: % forest, % developed, % agricultural, and
% canopy cover for each spatial scale. We used the physiography dataset from the EPA
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(USEPA 2013) to assign values to catchments at each spatial scale based on the
proportion of the catchment located within the Piedmont physiographic province. In
addition, we used the National Hydrology Dataset v2.1 (USGS 2019) to assign
hydrological variables to each stream segment including slope and Strahler stream
order. Finally, we used the EPA StreamCAT dataset (Hill et al. 2015) to assign special
indices of catchment and watershed integrity to each stream segment.
We assessed collinearity between variables using multivariate correlation
analysis based on Pearson’s correlation coefficients using package ’Hmisc’ (Harrell 2020)
in R (v 3.6.1; R Core Team 2019). For non-land use variables, we retained one variable
from each correlated pair (|r|> 70%) based on comparative range and correlation to the
response variable. We removed slope from the set of variables because it was highly
correlated with stream order (r = 0.73). Due to significant correlation between forest
cover and canopy cover within spatial scales, we separated canopy cover from the other
land use classes (agriculture, development, and forest) during model development.
Data analysis
We used single season occupancy models (MacKenzie et al. 2002) to investigate
factors associated with N. leptocephalus occurrence while accounting for imperfect
detection through the collection of multiple samples from each site. We defined sites as
a 1 km stream reach above the sampling locality to account for estimated transport
distances of eDNA (Shogren et al. 2017). We defined occupancy as the probability that a
site was occupied by at least one individual during the sampling season and detection as
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the probability of detecting the target species at a site that was occupied in a single
sample. To maximize parsimony in the candidate set of models used to investigate
patterns of N. leptocephalus occurrence and detection, we used a two-step approach to
model fitting and selection (Mackenzie et al. 2006). In step one, we examined support
for covariates of detection while holding occupancy constant. In step two, we carried
over covariates of detection that were supported in step one, while examining support
for factors hypothesized to influence occupancy.
In step one, we considered four detection models, each of which corresponded
to an a priori hypothesis concerning factors that may influence N. leptocephalus
detection probability. We used a laboratory methods model to represent our hypothesis
that the probability of detection would be correlated with the process of combining
filters during extraction and the volume of sample extract used during amplification. We
hypothesized that a higher extract volume may increase detection due to the potential
increase in target DNA during amplification. In contrast, we hypothesized that
combining filters may reduce detection by reducing the efficiency of DNA retention
during the extraction process. We used a seasonality model to represent our hypothesis
that the probability of detection would be lower when water temperatures were high
and water levels were reduced (Wachob et al. 2009). We used a water chemistry model
to represent our hypothesis that detection is correlated to local water chemistry
variables at the time of sampling. We hypothesized that detection would be lower in
conditions that accelerate the degradation of DNA, such as high acidity and high
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turbidity (Seymour et al. 2018, Stoeckle et al. 2017). Finally, we included a null model to
represent our hypothesis that detection would be constant throughout the study area
regardless of laboratory methods.
In step two, we evaluated support for 10 alternative hypotheses concerning
factors driving N. leptocephalus occupancy. We hypothesized positive effects of canopy
cover on occupancy and used 3 univariate models, corresponding to each spatial scale,
to determine whether one spatial scale might be a better predictor of occupancy than
another. We combined the remaining land use variables (agriculture, development, and
forest cover) into 3 additive models, corresponding to each spatial scale; and
hypothesized positive effects of forest cover, and negative effects of agriculture and
development. We used a univariate model with stream order to represent our
hypothesis that the probability of occupancy would be higher in larger streams that
were less susceptible to intermittent flows (Wachob et al. 2009). We used an additive
model with indices of catchment and watershed integrity from the StreamCAT dataset
to represent our hypothesis that occupancy probability would be higher at sites with
high catchment and watershed integrity. We used a univariate model with physiography
to represent our hypothesis that occupancy is correlated to the underlaying geology and
topography associated with physiographic ecoregion. We hypothesized that the
probability of occupancy would be higher in catchments located primarily within the
Piedmont ecoregion compared to catchments draining lands in the Southeast Plains
ecoregion (Page and Burr 2011). Because N. leptocephalus is known as a host generalist
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species, we also included a null model to represent our hypothesis that occupancy
probability would be constant throughout the study area, independent of
environmental variables (Albanese et al. 2004).
In both steps, we ranked models using the Akaike Information Criterion adjusted
for small sample size (AICc) (Akaike 1974) with package ‘AICmodavg’ (Mazerolle 2019) in
R (v 3.6.1; R Core Team 2019). We considered all models within 2 ΔAIC units from the
top ranked model (Burnham and Anderson 2002). We considered parameters from top
ranked models to be well supported if the 95% confidence interval for the effect sizes
did not overlap 0.
RESULTS
We collected a total of 200 samples from 100 sites. All negative field controls,
extraction controls, and no-template controls performed as expected with no indication
of target DNA amplification. However, we removed one site from analysis due to
inhibition in the negative control. We observed extensive inhibition during qPCR
amplification, accounting for 30% of our samples (78 of 198). Within the study area,
inhibition affected both samples from 34 sites, and one of two samples from an
additional 10 sites. We observed a strong correlation between sample inhibition and
physiographic ecoregion. Sites with catchments located primarily in the Southeast Plains
ecoregion were much more likely to have inhibited samples than sites draining lands in
the Piedmont ecoregion (75% of samples from the SE Plains vs. 15% of samples from the
Piedmont) (Figure 2). After removing inhibited samples, we based our analysis on 65
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sites with 1-2 samples per site. We detected N. leptocephalus in at least one sample at
32 of 65 sites, indicating a naïve occupancy of 49%.
In step one (detection), the laboratory methods model carried 100% of the
model weight (w1 = 1.00) (Table 2). Detection probabilities were approximately 100%
regardless of sample extract volume or filter type (p > 0.99). However, the effect sizes
for both extract volume and filter type had 95% confidence intervals which overlapped
zero, indicating a great deal of uncertainty regarding the effects of laboratory methods
on the detection of target DNA. Because of this uncertainty, we do not discuss detection
variables further. We carried over all parameters in the laboratory methods model to
define detection in step two.
We observed considerable model selection uncertainty in step two of our
analysis. The top ranked model included a null model of occupancy (w1 = 0.29), and
model weights indicated that it was more than twice as likely to be the best fitting
model in our candidate set than the second rank model (Table 2). The null model
indicated that any randomly selected 1 km stream reach in our study area had a 59% (Ψ
= 0.59 [0.44-0.73]) chance of being occupied by N. leptocephalus.
Two additional models fell within 2 ΔAIC units of the null model, including the
hydrology model (w2 = 0.12) and the physiography model (w3 = 0.11). The hydrology
model indicated a positive association between occupancy and stream order (βorder =
0.23, SE = 0.29, p = 0.43) and the physiography model indicated a very weak negative
association between occupancy and the Piedmont ecoregion (βphysiography = -0.06, SE =
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0.09, p = 0.54). However, the effect sizes for both parameters had 95% confidence
intervals which overlapped zero (Table 3).
DISCUSSION
Host fish distribution
Collectively, our results indicate both widespread distribution of N.
leptocephalus within the study area, and an inability to define occupancy as a function
of the remotely sensed or in-stream variables that we measured herein. Previous
research has indicated that species distribution models may be less accurate for habitat
generalists and common species (Segurado and Araújo 2004, Tsoar et al. 2007). We
suspect that the widespread distribution of N. leptocephalus within our study area and
their ability to persist in highly degraded streams (Peoples et al. 2011) may have limited
our ability to identify strong support for any environmental predictors of occupancy.
There are a number of additional variables that were not included in this study
that may be important in determining distributional patterns of N. leptocephalus within
the study area. One factor that is known to have considerable effects on the patterns of
fish distribution is anthropogenic barriers, such as impoundments and road culverts
(Gardner et al. 2011, Norman et al. 2009). While the locations of large barriers can be
identified using available GIS datasets such as the National Anthropogenic Barrier
Dataset (NABD; Ostroff et al. 2013), identifying small barriers is much more difficult.
These small barriers can impede fish passage by creating physical obstacles or changing
local conditions such that fish are unable to pass through impacted stream reaches
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(Warren and Pardew 1998). For habitat generalist and highly tolerant host fish species,
barriers may be the most important factor in determining distributional patterns
(Dynesius and Nilsso 1994). In addition to environmental variables, mechanisms such as
site fidelity, interspecific and intraspecific competition, predator avoidance, and
spawning behaviour may affect the spatial distribution of N. leptocephalus, possibly to a
large extent (Planque et al. 2011).
Patterns of inhibition
The removal of inhibited samples from analysis, which accounted for
approximately 1/3 of all processed samples, may have influenced our results.
Samples collected from streams in the Southeast Plains ecoregion were much more
likely to be inhibited than sites in the Piedmont ecoregion. While our sampling efforts
were evenly distributed between the two ecoregions, the removal of inhibited samples
resulted in a disproportionate number of samples from the Piedmont ecoregion being
used in analysis. Because N. leptocephalus is uncommon below the Atlantic fall line
(Page and Burr 2011), we suspect the actual probability of occupancy in the study area is
lower than indicated by our null model. In addition, the large number of inhibited
samples from the Southeast Plains ecoregion may have obscured the relationship
between N. leptocephalus and physiography.
These results indicate that inhibitory compounds may be heterogeneously
distributed in our study area, with higher concentrations occurring in streams with low
pH (see chapter 1). We suspect this is due to the presence of dissolved organic matter,
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such as humic acids and tannins, which can lower the pH of stream water at high
concentrations (Hemmond 1994, Tan et al. 1990). The strong correlation between pH
and physiography indicates that eDNA sampling may be difficult areas where streams
are naturally acidic, such as the Southeast Plains ecoregion. Due to the spatial pattern of
inhibition we observed, we recommend that these results be interpreted with caution.
Management Implications
Understanding the distribution of host fish is an important component of L.
decorata conservation, as host fish availability likely plays a major role in juvenile
recruitment and overall population trends. While we were unable to develop predictive
models of host fish distribution within the study area, we did observe N. leptocephalus
across a variety of habitats including many sites within the critical habitat designation
for L. decorata. These results suggest that host fish availability is likely not a limiting
factor in L. decorata persistence and indicates that many sites within the study area may
provide suitable habitat. However, no studies have been conducted regarding host fish
specificity for L. decorata in the wild, and species deemed suitable in laboratory
conditions may play a limited role in natural populations (Levine et al. 2012). While Eads
et al. (2010) identified N. leptocephalus as yielding the highest rates of successful
metamorphosis for artificial propagation, more research is needed to determine if the
species is biologically important under natural conditions.
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TABLES
Table 1. List of covariates used to model occupancy and detection probability for Nocomis leptocephalus in the Upper
Lynches River Sub Basin in North and South Carolina and the observed range of values across sampled sites (n = 65).
Variable

Description

Type

Scale

Mean (Range)

Filter

Categorical variable for whether filters were combined during
extraction process

Lab Method

NA

nsingle = 65,
ncombined = 55

Extract

Volume of sample extract used in amplification protocol (either
2.85 μl or 5.85 μl)

Lab Method

NA

n2.85 = 51,
n5.85 = 69

Season

Categorical variable for collection date in 2019 (grouped into 3
sampling periods: 1 = May 7–11, 2 = May 28–June 11, and 3 =
July 1–4)

Temporal

NA

NA

Stream Order

Strahler stream order at the target segment based on the
National Hydrology Dataset

Hydrological

Catchment

3 (1–5)

Index of
Catchment
Integrity (ICI)

Index of catchment integrity from the StreamCAT Dataset based
on hydrology, water chemistry, sediment, connectivity,
temperature, and habitat provision (Scaled as x/10).

Calculated Index

Catchment

5.8 (2.6–8.2)

Index of
Watershed
Integrity (IWI)

Index of upstream watershed integrity based from the
StreamCAT Dataset based on hydrology, water chemistry,
sediment, connectivity, temperature, and habitat provision
(Scaled as x/10)

Calculated Index

Watershed

5.0 (2.8–7.1)

Catchment
Canopy

% canopy cover within local catchment based on the 2016
National Land Cover Dataset (Scaled as x/10)

Land Cover

Catchment

5.8 (1.6–8.5)
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Catchment
Agriculture

% agriculture (hay/pasture, cultivated crops) within local
catchment based on the 2016 National Land Cover Dataset
(Scaled as x/10)

Land Cover

Catchment

1.3 (0.0–6.2)

Catchment
Development

% development (open, low, medium, high intensity) within local
catchment based on the 2016 National Land Cover Dataset
(Scaled as x/10)

Land Cover

Catchment

0.2 (0.0–4.1)

Catchment
Forest

% forest (mixed, evergreen, deciduous, woody wetlands) within
local catchment based on the 2016 National Land Cover Dataset
(Scaled as x/10)

Land Cover

Catchment

4.3 (0.0–9.1)

Riparian
Canopy

% canopy cover within upstream riparian area based on the
2016 National Land Cover Dataset (Scaled as x/10)

Land Cover

Riparian

7.3 (2.2–9.1)

Riparian
Agriculture

% agriculture (hay/pasture, cultivated crops) within upstream
riparian area based on the 2016 National Land Cover Dataset
(Scaled as x/10)

Land Cover

Riparian

0.9 (0.0–5.7)

Riparian
Development

% development (open, low, medium, high intensity) within
upstream riparian area based on the 2016 National Land Cover
Dataset (Scaled as x/10)

Land Cover

Riparian

0.1 (0.0–0.5)

Riparian
Forest

% forest (mixed, evergreen, deciduous, woody wetlands) within
upstream riparian area based on the 2016 National Land Cover
Dataset (Scaled as x/10

Land Cover

Riparian

4.3 (0.0–9.1)

Watershed
Canopy

% canopy cover within full upstream watershed based on the
2016 National Land Cover Dataset (Scaled as x/10)

Land Cover

Watershed

5.4 (1.4–7.3)
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Watershed
Agriculture

% agriculture (hay/pasture, cultivated crops) within full
upstream watershed based on the 2016 National Land Cover
Dataset (Scaled as x/10)

Land Cover

Watershed

2.4 (0.0–7.3)

Watershed
Development

% development (open, low, medium, high intensity) within full
upstream watershed based on the 2016 National Land Cover
Dataset (Scaled as x/10)

Land Cover

Watershed

0.7 (0.0–3.0)

Watershed
Forest

% forest (mixed, evergreen, deciduous, woody wetlands) within
full upstream watershed based on the 2016 National Land
Cover Dataset (Scaled as x/10)

Land Cover

Watershed

5.6 (0.0–7.9)

Watershed
Physiography

% Piedmont (L3) within full upstream watershed (Scaled as
x/10)

Physiographical

Watershed

8.0 (0.0–10.0)

Temperature

Water temperature (°C) at sampling location during time of
collection

Water
Chemistry

Catchment

22.1 (18.0–29.8)

Dissolved
Oxygen (DO)

Dissolved oxygen (mg/l) at sampling location during time of
collection (Scaled as x/10)

Water
Chemistry

Catchment

6.5 (0.6–9.0)

Conductivity

Conductivity (μS/cm) at sampling location during time of
collection (Scaled as x/10)

Water
Chemistry

Catchment

10.7 (3.7–38.1)

pH

pH at sampling location during time of collection

Water
Chemistry

Catchment

6.5 (5.4–7.3)

Turbidity

Turbidity (NTU) at sampling location during time of collection

Water
Chemistry

Catchment

9.7 (0.2–24.1)
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Table 2. Candidate models used to evaluate support for factors influencing detection (step 1) and occupancy (step 2) of
Nocomis leptocephalus in the Upper Lynches River sub-basin in North and South Carolina. K = Number of estimated
parameters in the model, AICc = Akaike’s information criterion for small sample size, and Wi = Relative model weight.
Model

Structure

K

AICC

ΔAIC

Likelihood

Wi

1. Lab Methods

Ψ (.) p (Filter + Extract)

4

118.58

0.00

1.00

1.00

Seasonal

Ψ (.) p (Season + Temp + Conduct)

5

130.76

12.18

0.00

0.00

Null

Ψ (.) p (.)

2

131.50

12.92

0.00

0.00

Chemistry

Ψ (.) p (Temp + DO + Conduct + pH + Turbid)

7

134.90

16.31

0.00

0.00

Ψ (.) p (Filter + Extract)

4

118.58

0.00

1.00

0.29

Hydrology

Ψ (Order) p (Filter + Extract)

5

120.27

1.69

0.43

0.12

Physiography

Ψ (Wat.Pd) p (Filter + Extract)

5

120.53

1.94

0.38

0.11

Wat.Land

Ψ (Wat.Dev + Wat.Ag + Wat.For) p (Filter + Extract)

7

120.67

2.09

0.35

0.10

Cat.Can

Ψ (Cat.Can) p (Filter + Extract)

5

120.88

2.30

0.32

0.09

Wat.Can

Ψ (Wat.Can) p (Filter + Extract)

5

120.89

2.31

0.32

0.09

Rip.Can

Ψ (Rip.Can) p (Filter + Extract)

5

120.93

2.35

0.31

0.08

Rip.Land

Ψ (Rip.Dev + Rip.Ag + Rip.For) p (Filter + Extract)

7

121.78

3.20

0.20

0.06

Indices

Ψ (ICI + IWI) p (Filter + Extract)

6

122.26

3.68

0.16

0.05

Cat.Land

Ψ (Cat.Dev + Cat.Ag + Cat.For) p (Filter + Extract)

7

125.26

6.68

0.03

0.01

2. Null

65

Table 3. Coefficients and 95% confidence intervals from the null, hydrology, and physiography models used to investigate
detection and occupancy patterns of Nocomis leptocephalus in the Upper Lynches River Sub-basin in North and South
Carolina. Super script denotes AICc model ranking.
Parameter

Null Model 1

Hydrology Model 2

Physiography Model 3

(Occupancy Intercept)

0.36 (-0.26, 0.98)

-0.24 (-1.82, 1.33)

0.83 (-0.85, 2.51)

Order

NA

0.23 (-0.34, 0.81)

NA

Wat.Pd

NA

NA

-0.06 (-0.24, 0.13)

(Detection Intercept)

18.16 (-74.30, 111.05)

19.90 (-124.88, 164.66)

18.27 (-77.00, 113.55)

Extract (5.85)

-3.17 (-19.06, 12.71)

-3.47 (-28.22, 21.28)

-3.19 (-19.48, 13.10)

Filter (single)

1.62 (-0.15, 3.40)

1.64 (-0.12, 3.40)

1.58 (-0.21, 3.38)
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FIGURES

Figure 1. Carolina Heelsplitter (Lasmigona decorata) life cycle.
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Figure 2. Map of study area where water samples were collected, consisting of 3 HUC 10 watersheds within the Lynches River
sub-basin of the Pee Dee River Basin.
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Figure 3. The three spatial extents used to define landcover variables while investigating patterns of occupancy and detection
of Nocomis leptocephalus in the Upper Lynches River Sub-basin of North and South Carolina. Extents are defined as the local
catchment (3A), the watershed-wide 100 m riparian area (3B), and the entire upstream watershed (3C).
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CHAPTER THREE: PREDICTING BIOLOGICAL INTEGRITY IN STREAMS: THE IMPORTANCE
OF SCALE AND VARIABLE SELECTION WITHIN A MULTI-MODEL FRAMEWORK
Benjamin C. Schmidt, Matthew W. Green, John. C. Morse, and
Catherine M. Bodinof Jachowski
ABSTRACT
Characterizing areas of impairment within watersheds is critical to habitat
conservation and restoration projects. In recent decades, biologists have taken
advantage of the increasing accessibility and accuracy of GIS-based tools to develop
predictive models of the physical, chemical, and biological conditions of streams at
regional scales. However, the selection of variables and the scales at which they are
quantified can have considerable effects on model performance. In this study, we
assessed potential habitat impairment in an ecologically important sub-basin in North
and South Carolina (Southwestern USA) using a predictive model of macroinvertebrate
biological integrity. We collected macroinvertebrates using a standardized multi-habitat
protocol developed by the state of South Carolina across 49 spatially balanced sites. We
collected in-stream variables at each sampling locality and considered land use and
remotely sensed variables at three spatial scales within the study area including the
local catchment, upstream riparian area, and upstream watershed. We used multiple
linear regression and model ranking criteria to evaluate the relative support for multiple
a priori hypotheses regarding drivers of biotic integrity. We found that total upstream
riparian land cover was more important for predicting biotic integrity than land cover at
the local catchment and watershed scales. We also found that pairing in-stream water
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chemistry parameters with upstream riparian land cover greatly improved our ability to
predict stream biotic integrity. Our model validation results demonstrated good model
performance, suggesting that our top-ranked model could be used to predict biological
condition of unsampled streams within the study area. Predictive models of biotic
integrity that utilize macroinvertebrate data can provide federal and state agencies with
powerful tools for prioritizing conservation and restoration efforts across multiple
watersheds.
INTRODUCTION
Freshwater ecosystems are among the most threatened in the world and are
losing biodiversity much faster than terrestrial and marine ecosystems (Dudgeon et al.
2006, Sala et al. 2000). Anthropogenic activities such as agriculture, deforestation, and
urbanization are primary drivers of this decline, and result in the chemical, physical, and
hydrological degradation of aquatic systems (Lambin et al. 2001, Sponseller et al. 2001,
Tong and Chen 2002). In the context of widespread stream impairment, watershed
assessment and monitoring programs have been established within the United States at
the local, state, and federal levels (Buss et al. 2014, USEPA 2018). However, managers
are often constrained by a lack of data and limited budgets, making it difficult to
objectively determine the most effective management approach when faced with
multiple drivers of stream impairment (Munns 2006, Strobl and Robillard 2008). To
ensure success of these projects, watershed managers require tools that can help them
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rapidly identify stream sites or regions for conservation and impaired habitat for
restoration projects (Linke et al. 2010).
Agencies tasked with protecting and restoring aquatic habitats commonly rely on
macroinvertebrate assemblages to assess levels of impairment and direct restoration
efforts (Álvarez-Cabria et al. 2010). As biological indicators, macroinvertebrates reflect
both current and historical environmental conditions, including single event
disturbances and the cumulative effects of chronic stressors (Li et al. 2010, Rosenberg
and Resh 1993). However, the scale of most watershed monitoring programs limits the
number of streams reaches that can be sampled. As a result, agencies typically employ
spatially balanced probabilistic sampling designs to assess impairment across regional
scales (Stein and Bernstein 2008). Recent studies have developed models to predict the
biological condition of streams using landscape attributes and other spatially continuous
GIS-based variables (e.g., land use, physiography) (Villeneuve et al. 2015, Waite and
Metre 2017). Such predictive modelling allows for the evaluation of unsampled stream
reaches and creates a strong incentive for managers to apply GIS tools to assess,
monitor, and ultimately target streams for conservation, restoration, and other
management activities. While GIS-based predictive models have the potential to
improve the efficiency of stream management activities greatly, they should be
considered carefully as inaccuracies in data collection and interpretation can yield
misleading evaluations of biological condition.
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The development of effective predictive models is dependent on the
identification of variables that are good predictors of biological condition (Cushman et
al. 2008). The physicochemical properties of streams (e.g., specific conductance, pH,
dissolve oxygen) and their associated catchments are known to be important
determinants of invertebrate diversity and abundance (Heino et al. 2003, Allen 2004).
However, the relative influence of landscape and in-stream parameters on biological
condition are often not well understood. Individual variables may have interactive or
synergistic effects and biotic response may be complex and context-dependent
(Townsend et al. 2008). In addition, the importance of a given variable may change
depending on the scale in which it is quantified (Mykrä et al. 2007). While GIS-based
assessment tools allow for broad scale evaluations to be completed using existing
spatial data (Kristensen et al. 2012, Villeneuve et al. 2015), models that incorporate both
GIS and in-stream parameters may provide better predictive ability for assessing stream
impairment (Gergel et al. 2002).
The goal of our study was to improve our understanding of habitat impairment
within the Upper Lynches River sub-basin in North and South Carolina. We chose this
study area because of its conservation value for a number of imperiled taxa, including
the only federally endangered freshwater mussel in South Carolina, the Carolina
Heelsplitter (Lasmigona decorata [Lea 1852]) (Elkins et al. 2016, USFWS 1993). Our
primary objective was to develop and evaluate an empirical model that uses geospatial
and/or in-stream parameters to predict biological condition for streams within the study
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area. Our second objective was to develop a predictive map of biotic integrity within the
study area for use as a conservation planning tool.
METHODS
Study area and sampling design
Our study area consisted of three watersheds within the Lynches River sub-basin,
representing the upper Lynches river and its primary tributaries (Figure 1). The study
area is a heterogenous landscape and marks the transition between the Piedmont and
Southeastern Plains ecoregions in North and South Carolina (Omernik and Griffith 2014,
USEPA 2013). The Lynches River sub-basin (HUC 10: 03040202) is an area of high
conservation priority in South Carolina and contains 67 species of fish, 10 species of
crayfish, and 15 species of freshwater mussel, many of which are considered imperiled
(Elkins et al. 2016).
We identified potential sampling sites using the local catchment polygons from
the National Hydrography Dataset (NHD) Plus version 2.1 (USGS 2019) in ArcMap 10.7
(Esri). Within the dataset, catchment polygons represent an elevation-based catchment
area for each individual stream segment in the flowline network. In order to make
sampling sites more accessible, we removed catchments that did not bisect roadways as
defined by the National US Primary and Secondary Roads TIGER/line dataset (US Census
Bureau 2017).
We selected 49 catchments from the remaining pool of 637 potential
catchments using a generalized random tessellation stratified sampling design with the
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‘spsurvey’ package (Kincaid et al. 2019) in R (version 3.6.1, R Core Team 2019). We
stratified catchments by both percent forest cover (five levels: 0–20, 20–40, 40–60, 60–
80, 80–100) and stream order (five levels: 1st, 2nd, 3rd, 4th, and 5th), resulting in 25 strata,
each of which corresponded to a unique combination of stream order and forest cover.
When there were fewer than 2 catchments in a stratum, we oversampled a neighboring
stratum (i.e., same stream order but at a higher or lower level of forest cover) (Table 1).
We chose this study design to ensure even sampling across the full range of stream
orders and land cover characteristics represented, which was of particular value given
our interest in using our final model to develop a predictive layer of biotic integrity
throughout our study area. We defined sampling sites as 200 m stream reaches (100 m
upstream and downstream of a bridge or central access point) within each selected
catchment polygon. We selected sites based on accessibility during our first visit to
target catchments. When pre-selected catchments were inaccessible, we replaced them
with the closest available overdraw catchments of similar forest cover and stream order.
Field sampling
We sampled macroinvertebrates during March and April of 2018 and March and
May of 2019 using a standardized multi-habitat sampling protocol (MHSP) provided by
the South Carolina Department of Health and Environmental Control (SCDHEC; SCDHEC
2017). The MHSP is a semi-quantitative sampling protocol that facilitates the collection
of macroinvertebrate taxa from a broad range of meso-habitats; allowing for a more
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accurate representation of diversity than quantitative protocols which are normally
restricted to specific habitat types (Barbour et al. 1999, Marchant et al. 1997).
As per the MHSP, we sampled each site for three hours using 300 μm fine mesh
samplers, d-nets, leaf pack samplers, seines (two, 3-minute riffle kicks per site), and
timed visual sampling. Each of these sampling protocols was limited to 30 minutes
except for visual sampling, which was limited to one hour. We sorted
macroinvertebrates in the field from white larval sorting trays into 150 ml storage vials
of 80% ethanol and transported them to the lab for identification. We recorded water
quality data (water temperature (°C), dissolved oxygen (mg/l), specific conductance
(μS/cm), and pH) from each site prior to collecting samples using a YSI Pro Plus (Xylem
Analytics).
Laboratory methods
In the lab, we enumerated macroinvertebrates using a stereomicroscope
(Olympus SZ61 zoom, 90´ total magnification) and identified individuals to the lowest
possible taxonomic unit using national and regional keys (e.g., Merritt et al. 2008; Morse
et al. 2017). We slide mounted all chironomids on glass slides under cover slips with
CMC-10 mounting media and identified individuals to the lowest possible taxonomic
unit using a compound microscope (Wild Heerbrugg M20, 1,000´ total magnification)
and regional keys (Epler 2001).
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Calculating biotic integrity
We calculated a biotic index score for each site according to the SCDHEC
protocol (SCDHEC 2017) to represent the average pollution tolerance for all collected
taxa. In order to reduce sampling bias, we quantified relative macroinvertebrate
abundance within taxa by establishing 3 abundance categories: rare (rare [1–2
individuals], common [3–9 individuals], and abundant [>10 individuals]) and assigned
these categories a value of 1, 3, or 10 respectively (SCDHEC 2017). We used the
following formula:
Biotic Index =

∑(#$ί )(&ί )
'

where TVi is the tolerance value for the ith taxon, ni is the relative abundance value for
the ith taxon, and N is the sum of all relative abundance values for all taxa. The resulting
index scores were based on a scale from 0 to 10, with 10 representing the most
impaired stream conditions. Taxa with no assigned tolerance values were excluded from
analysis. In addition, we calculated EPT abundance as the total number of distinct
Ephemeroptera, Plecoptera, and Trichoptera taxa collected for each site.
Because macroinvertebrate communities change in relation to physiography
(Hughes and Larson 1988), we weighted both the biotic index and the EPT scores by
ecoregion (Piedmont or Southeastern Plains) using the formulas provided in the SCDHEC
protocol (2017):
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EPT Scores:
Piedmont

Score = 0.1247 x EPT abundance + 0.568

Southeastern Plains

Score = 0.1431 x EPT abundance + 0.568

Biotic Index Scores:
Piedmont

Score = -1.3241 x biotic index + 11.264

Southeastern Plains

Score = -1.3599 x biotic index + 11.832

For sites within watersheds that overlapped the ecoregion boundary, we used the
weighting formula associated with the ecoregion that contained the majority of the
watershed upstream from the sampling location. We averaged the weighted biotic index
and EPT scores to produce a combined score for each site representing overall biotic
integrity. This metric (hereafter, biotic integrity) ranged from 0–6 with the following
grades: 0–2 = poor, 2–3 = fair, 3–4 = good-fair, 4–5 = good, 5–6 = excellent.
Quantifying environmental covariates
We used geographic information system datasets and in stream measurements
to quantify hydrologic, chemical, physiographic, and land use variables for each site
(Table 2). We considered land use variables that corresponded with 3 separate spatial
scales: the local catchment, the watershed-wide riparian area, and the entire upstream
watershed (Figure 2). Local catchments included the contributing area surrounding a
stream segment as defined by the NHD Plus v2.1 (USGS 2019) (Figure 2A). Watershedwide riparian areas included the collective extent of riparian area surrounding all
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upstream tributaries to a distance of 50 m from each side of the stream (figure 2B).
Upstream watersheds included all land within the contributing area upstream of the
sampling location (Figure 2C).
We used ArcMap 10.7 (Esri) to delineate catchments and quantify environmental
variables at each spatial scale. We quantified land use variables using the 2016 National
Land Cover Dataset (NLCD 2018, see Yang et al. 2018) at a spatial resolution of 30 m. We
quantified percent cover for four land use classifications: % forest, % developed, %
agricultural, and % canopy cover for each spatial scale considered. We combined
deciduous, evergreen, and mixed forest types into a single forest classification and
included separate variables for the proportion of forest and the percent canopy cover
within catchments, combined all development classes (low, medium, high, and open
space) into a single development classification, and combined the hay/pasture and
cultivated crops into a single agricultural classification. We used the physiography
dataset from the EPA (USEPA 2013) to assign values to catchments at each spatial scale
based on the proportion of the catchment located within the Piedmont physiographic
province. In addition, we used the National Hydrology Dataset v2.1 (USGS 2019) to
assign hydrological variables to each stream segment including slope, Strahler stream
order (Strahler 1954), and basal flow index. Finally, we used the EPA StreamCAT dataset
(Hill et al. 2015) to obtain indices of catchment and watershed integrity for each stream
segment. Briefly, the indices of integrity are special metrics in the StreamCAT dataset
based on relationships between stressor variables and watershed functions in individual
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NHD Plus v2 catchments (ICI) and contributing upstream watersheds (IWI) (Thornbrugh
2018).
We assessed collinearity between variables using multivariate correlation
analysis based on Pearson’s correlation coefficients. For each correlated pair (|r|> 70%)
of variables, we retained the variable with the largest range and strongest correlation to
our response variable. We removed water temperature from the set of variables
because it was highly correlated with dissolved oxygen (r = 0.71). Due to significant
correlation between land use class percentages within spatial scales (|r|> 70%), we
retained canopy cover as a univariate proxy for land use within each spatial scale (King
et al. 2005). Our remaining in-stream and non-land use variables were not significantly
correlated with canopy cover at any spatial scale.
Model development and selection
We used linear mixed models to investigate the effects of abiotic and land use
variables on macroinvertebrate biotic integrity. We used biotic integrity scores as a
continuous response and developed a candidate set of 19 models, each of which
corresponded to an a priori hypothesis concerning drivers of biotic integrity. We
hypothesized positive effects of canopy cover and used three univariate models,
corresponding to each alternative spatial scale (Figure 2), to determine which spatial
scale would best predict biotic integrity. We considered the interactive effects of canopy
cover and contributing area at each spatial scale to represent our hypothesis that the
effects of canopy cover would vary depending on the size of the upstream watershed
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(Strayer et al. 2003). We also considered the interactive effects of canopy cover and
physiography at each spatial scale to represent our hypothesis that the effects of canopy
cover would vary depending on the underlaying geology and topography associated
with physiographic ecoregion (Utz et al. 2009). Finally, we considered the additive
effects of canopy cover and in-stream variables (dissolved oxygen, specific conductivity,
and pH) at each spatial scale to represent our hypothesis that biotic integrity is driven by
both land use and local conditions. We hypothesized that in-stream parameters may
provide additional predictive power by capturing local disturbance or conditions not
reflected in remotely sensed data.
In addition to land use models, we used an additive model with only water
quality variables to represent our hypothesis that biotic integrity is driven primarily by
local in-stream conditions. We used a univariate model with physiography to represent
our hypothesis that biotic integrity is correlated with underlaying ecoregion. We used a
univariate model with stream order to represent our hypothesis that biotic integrity is
correlated to the size of the stream and its location within the watershed. We used an
additive model and an interactive model with indices of catchment and watershed
integrity from the StreamCAT dataset to represent our hypothesis that biotic integrity is
correlated with metrics of overall stream integrity. We used a model with basal flow and
slope to represent our hypothesis that biotic integrity is correlated to hydrologic
conditions. Finally, we used a null model to represent our hypothesis that biotic integrity
did not vary throughout the study area. We included stream ID as a random effect in
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every model to account for the hierarchical nature of stream systems and similarities
between sites located on the same stream.
We fit models using maximum likelihood methods with package ‘lme4’ (Bates et
al. 2015) and ranked models using the Akaike Information Criterion adjusted for small
sample size (AICc; Akaike 1974) with package ‘AICmodavg’ (Mazerolle 2019) in R
(version 3.6.1, R Core Team 2019). We selected the top-ranked model based on relative
model weight in a 95% confidence set (Burnham and Anderson 2002). To understand
the variability in our data explained by covariates, we calculated marginal (fixed effects
only) and conditional (fixed and random effects) R2 values for the top ranked model
using package ‘MuMIn’ (Bartoń 2020, Nakagawa et al. 2017).
Model validation
While AIC model ranking identifies the most supported model within the
candidate suite, it does not provide a metric for model performance. To assess
performance and predictive ability for the top-ranked model, we used K-fold cross
validation (Boyce et al. 2002). We randomly split our data into training and testing sets
using an 80:20 ratio and repeated the process 5 times, refitting the top-ranked model
for each replicate of training data. We then used the newly fitted models to estimate
biotic integrity scores based on the variables in each complementary test data set. We
assessed model performance by examining the correlation between the predicted biotic
integrity scores and the observed biotic integrity scores in test sets using Pearson’s
correlation coefficient. If our model performed well, we expected to see a strong (r >
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0.5) and statistically significant (α = 0.05) positive correlation between observed and
predicted biotic integrity scores.
Predictive mapping
We used the top-ranked model to generate a spatially continuous predictive map
of conditional biotic integrity for each uniquely identified NHD Plus v2.1 stream segment
that occurred in our study area. We use the term conditional to reflect the fact that our
predictions were generated using only GIS-based parameters in our top-ranked model,
while assuming that the value of remotely sensed variables were similar throughout
each stream segment, regardless of segment length. Because in-stream (i.e., water
quality) variables were not available across our entire study area, we generated
predictions while holding all in-stream parameters at their mean observed values based
on all sampling localities. Thus, the actual estimated biotic integrity scores for any
stream segment could be higher or lower than indicated by our predictive layer,
depending on in-stream conditions.
RESULTS
We collected a total of 11,742 organisms representing 482 taxa across 49 sites.
Taxon richness ranged from 13 to 72 (x̄ = 34) while EPT abundance ranged from 1 to 38
(x̄ = 14). Biotic integrity scores for sampled sites ranged from 0.4 to 5.4 (x̄ = 3.6). Based
on the bioclassification categories established by the EPA Clean Water Act (aquatic life
use support; section 305b), 26 streams were classified as fully supporting (not impaired),
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22 streams as partially supporting (marginally impaired), and 1 stream as not supporting
(severely impaired) (USEPA 2018).
Model ranking
The top-ranked model within the candidate suite included canopy cover within
the watershed-wide riparian area and 3 in-stream variables: dissolved oxygen, specific
conductance, and pH (Table 3). Model selection uncertainty was very low, with the topranked model carrying 95% of the model weight (w1 = 0.95). The top-ranked model
explained a total of 73% of the observed variation in biotic integrity scores (conditional
R2 = 0.73), with fixed effects accounting for the majority of variation (marginal R2 = 0.63)
(Nakagawa et al. 2017). The GIS-based parameter in the top-ranked model, riparian
canopy cover, was positively correlated with biotic integrity (Table 4). Within the range
of riparian canopy cover observed in the study area (range = 0-96%, x̄ = 69%), the model
indicated that a 10% increase in canopy cover yielded a 0.42 increase in predicted biotic
integrity (Figure 3A). Dissolved oxygen and pH were also positively correlated with biotic
integrity (Figures 3B and 3C). Specific conductance was negatively correlated with biotic
integrity; however, the effect size was very small, and the 95% confidence intervals
overlapped zero (βConduct = -0.01, SE = 0.02) (Figure 3D).
Comparatively, evidence ratios based on model weights indicated that the top
ranked model was 31 times more likely to be the best approximating model in our set
than the model containing in-stream variables and canopy cover at the full upstream
watershed scale (w2 = 0.03 , ΔAICc = 6.8), and 95 times more likely than the model
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containing in-stream variables and canopy cover at the local catchment scale (w3 = 0.01,
ΔAICc = 8.4). The model containing riparian canopy cover without the additional instream parameters ranked lower than all models containing in-stream variables (w5 =
0.00, ΔAICc = 22.5). We found no evidence to support the interactive effects of canopy
cover and watershed size or physiography.
Model validation
In our model validation, predicted biotic integrity scores were strongly correlated
with observed biotic integrity scores (r = 0.71, df = 48, p < 0.001) (Figure 4). When using
predicted biotic integrity scores to assign sites to discrete levels of impairment
according to the EPA bioclassification categories (i.e., impaired, marginally impaired, or
severely impaired) the model correctly classified 38 of 49 sites (78%) (USEPA 2018).
After extrapolating model predictions across our entire study area, we found that
conditional biotic integrity within the Upper Lynches River sub-basin ranged from 0.3 to
4.3, with an average of 3.2 (n = 1045 stream segments) (Figure 5).
DISCUSSION
The ability to predict biotic integrity at unsampled stream sites can improve
efficiency in stream assessment and provide stream ecologists and resources managers
with a valuable planning tool for conservation and restoration projects. Despite the
complex ecological relationships that exist between abiotic mechanisms and biotic
responses, we were able to predict the biotic condition of streams effectively using
canopy cover and water chemistry parameters. We found that models containing both
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remotely sensed and in-stream variables performed better than models based solely on
remotely sensed variables. Our results suggest that macroinvertebrate biotic integrity is
more strongly associated with canopy cover at the riparian scale than at the catchment
or watershed scales, while also being highly influenced by local water chemistry (which
was not strongly correlated with canopy cover in our system). Our results are consistent
with a number of previous studies linking canopy cover loss with declines in biotic
integrity (Maloney et al. 2018, Miller et al. 2019) and highlight the importance of
considering spatial scale and in-stream parameters when developing predictive models
of biotic integrity.
The loss of canopy cover can lead to habitat impairment through a variety of
intermediate pathways (Nadaï-Monoury et a. 2014, Stone and Wallace 1998, Stout et al.
1993). Within our study area, canopy cover is altered by a variety of anthropogenic
activities including mining, forestry, agriculture, and urban development (Macie and
Hermansen 2002). At the local catchment scale, a forested canopy provides shading,
woody debris, and leaf litter input (Allen et al. 1997), which influences primary
productivity and allochthonous nutrient contribution (Noel et al. 1986). At the riparian
scale, canopy cover moderates stream temperature (Rishel et al. 1982), provides bank
stability through root structure (Abernathy and Rutherford 2000), and serves as a sink to
moderate nutrient pollution (Osborne and Kovacic 1993), sedimentation (Waters 1995),
and other contamination (Schulz 2004) from entering the stream. At the watershed
scale, vegetative cover influences aspects of stream hydrology through rates of
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evapotranspiration, infiltration, and runoff transport (Allen 2004). Notably, canopy
cover was correlated with several other land use variables in our study area, at each
spatial scale considered. For example, proportional cover of agricultural land was
negatively correlated with canopy cover at the riparian scale (r = -0.89, df = 47, p = <
0.0001). Collinearity among land use classes is a result of the inverse relationships
between proportional representation of alternative classes (i.e., all land use classes
within a catchment sum to 100%). Significant relationships between a response variable
and a single land cover variable may be accompanied by significant relationships in
other land use classes (King et al. 2005). Therefore, while canopy cover represented an
effective predictor variable of biotic integrity in our study, it is difficult to interpret
whether canopy cover or one of its correlates was the ultimate driver of biotic condition
without a clear understanding of the correlative structure among land use variables and
the intermediary mechanisms between land use and biotic integrity (MacNally 2000).
Similar to previous studies, we found that macroinvertebrate assemblages were
highly responsive to water chemistry parameters, including dissolved oxygen and pH
(Berger et al. 2017, Hale et al. 2015). Exposure to low concentrations of dissolved
oxygen (DO) leads to a number of lethal and sublethal effects in macroinvertebrates
including direct mortality, delayed growth and emergence suppression (Lowell and Culp
1999, Nebeker 1972). Streams with low DO typically exhibit low diversity (Lenat 1988)
and are dominated by organisms with high tolerance levels (Fore et al. 1996). While DO
concentrations vary spatially and temporally through natural processes (i.e.,
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atmospheric exchange, temperature and pressure changes, groundwater inflows, and
rates of photosynthesis), anthropogenic impacts, such as nutrient enrichment, thermal
pollution, and changes to stream morphology and hydrology reduce DO and increase
the frequency, duration, and intensity of hypoxic events (Allen 1995, Dodds 2002,
Pearson and Penridge 1987). Similarly, anthropogenic acidification of stream systems
results in a loss of species diversity and the extirpation of sensitive taxa through direct
mortality and physiologic stress (Courtney and Clements 1998, Guérold et al. 2000).
However, it is important to note that biotic integrity in acidic streams is not necessarily
impaired where pH is naturally low, as some taxa are adapted to acidic conditions
(Dangles et al. 2004, Zlatko et al. 2007).
Although conductivity is considered an important variable for determining the
composition of macroinvertebrate assemblages (Allen and Castillo 2007), we did not
detect a strong relationship in our study area. This finding contrasts similar studies
which suggest that specific conductance is a good predictor of macroinvertebrate
assemblages (Cormier et al. 2013, Morgan et al. 2007, Pond et al. 2017). Increased
conductivity in streams can result from a variety of anthropogenic factors including
wastewater discharge, application of road salts, mining, and increased sedimentation
(Cañedo-Argüelles et al. 2013, Pond et al. 2008, Stalter et al. 2013). High levels of
conductivity induce physiological stress for aquatic organisms adapted to low molarities,
primarily by disrupting osmoregulatory functions (Cañedo-Argüelles et al. 2013). In
addition, high conductivity is often correlated with toxin concentrations, which may
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account for some of the association between conductivity and biological integrity
(Berger et al 2017). The lack of correlation in our study may be due to relatively low
variability of specific conductance within our study area (12.2 to 263.0 μS/cm). Previous
studies have found a strong correlation between conductivity and the percentage of
developed land within upstream watersheds, indicating that the low variation in our
study area may be the result of relatively little urban development (Pond et al. 2017,
Wenger et al. 2009).
Comparing land use spatial scales
Understanding the scale at which the surrounding landscape influences stream
condition within a specified reach is essential to adapting scale appropriate monitoring
strategies and enacting effective conservation and restoration management (Mwaijengo
et al. 2020). Our results indicate that local stream conditions are influenced by a
relatively large spatial extent, and that land use immediately adjacent to the stream
edge plays a larger role in determining biological condition than land use across the
entire upstream watershed. Our findings are consistent with previous work that
demonstrates the importance of riparian corridors as critical areas of the landscape for
influencing stream processes and biotic integrity (Correll 2003). Our results suggest that
current restoration strategies involving riparian buffer restoration may be effective for
improving biological conditions in target streams, which is important considering that
riparian improvements account for the majority of restoration project costs in the
Southeastern United States (Sudduth et al. 2007). Our results have direct implications
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for stream restoration projects, where biological response to enhancements, such as
tree planting and the removal of impervious surfaces, are likely scale dependent.
Our findings complement a number of similar studies in identifying the upstream
riparian area as the most important spatial scale in the relationship between land use
and biotic integrity (Booth et al. 2004, Jachowski and Hopkins 2018, Tran et al. 2010,
Wang et al. 2001). However, our findings contradict Sponseller et al. (2001) who found
the local catchment scale to be more informative, along with others who showed that
the effects of land use are most important at the watershed scale (Magierowski et al.
2012, Roth et al. 1996). The inconsistency among these findings may be due to
differences in study design, different metrics of biotic integrity, or may indicate that the
effects of land use variables and intermediate processes are regional and possibly
dependent on underlaying physiography (Cuffney et al. 2011).
The relative importance of in-stream parameters
Models that incorporate both remotely sensed and in-stream measures are likely
to have greater predictive power than models containing only one or the other. In our
study, the addition of in-stream variables dramatically enhanced the fit of our topranked model to observed data. These results are consistent with a number of other
studies comparing the relative strength of multimetric models to explain biotic integrity
(Bailey et al. 2007, Lammert and Allen 1999, Macedo et al. 2014). However, the degree
to which in-stream parameters enhance the predictive power of models varies
considerably (Kristensen et al. 2012), and data collection of in-stream variables
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significantly increase the costs of a monitoring project (Pond et al. 2017). The influence
of in-stream variables on biotic integrity may depend on the degree of watershed
disturbance. For example, Wang et al. (2003) suggested that the relative importance of
in-stream and local habitat variables on biotic condition decrease as watersheds
become more degraded by anthropogenic activities. The value of including in-stream
variables in predictive models lies primarily in their ability to predict fine scale variation
that is not detected by remotely sensed variables. Because of this, their predictive
power may change depending on the spatial scale and resolution of accompanying
landscape variables. We suggest that in-stream variables be considered carefully in
predictive modelling and incorporated whenever it is cost effective to do so. However,
in the context of limited resources, GIS-based models can still provide agencies with
additional tools to assess stream impairment and overall watershed condition,
especially as remotely sensed data becomes more accurate and accessible.
Management implications
The ability to predict biotic integrity at unsampled sites provides managers and
policy makers with an easily understood metric for evaluating impairment within a
watershed. Our model validation highlights the potential value of predictive mapping
within the Lynches River Sub-basin and elsewhere as a powerful management tool to
identify and justify areas of conservation priority. We recommend that the spatially
continuous map of conditional GIS-based biotic integrity be used as a preliminary tool
for determining areas of probable high habitat quality and areas of probable impairment

91

within the study area, and potentially elsewhere in the Southeastern region. This can be
followed by strategic collection of in-stream parameters to further define impairment
on a site-by-site basis (e.g., Walters et al. 2009). For example, the map of conditional
biotic integrity could be used to identify probable impairment among sites or identify
areas of high risk for sensitive or endemic species. As project goals increase in
complexity and specificity, in-stream variables could be incorporated into models to
improve predictive ability. The in-stream variables in our top ranked model are all
capable of being measured using a portable water quality meter, providing an efficient
and relatively low-cost method for collecting in-stream variables during a single visit or
repeated sampling. For assessments using in-stream variables in the Lynches River Subbasin, we recommend using our top-ranked model to predict overall biotic integrity:

!" = −4.1 + (0.04 × % ./012/13 413506) + (1.60 × 95:(;/<<5=>?@ AB6:?3 )*/, )
+ (0.21 × 0D) − (0.01 × E0?F/G/F 453@HFI/>/I6 -.//) )

This model can be used alongside the maps of conditional biotic integrity to quickly
characterize probable impairment in a large number of streams while maximizing
financial and labor resources.
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TABLES
Table 1. Stratification of sampling locations based on stream order and percent forest
cover within local catchments. Strata contain one to three sampling locations depending
on availability during selection and access during the sampling time frame. No 5th order
stream sections in catchments containing 0-20% forest cover were available for
sampling within our study area.
Forest Bin

Stream Order
1st

2nd

3rd

4th

5th

Total

0-20%

1

2

3

1

NA

7

20-40%

2

3

3

2

2

12

40-60%

2

3

2

3

2

12

60-80%

2

3

2

3

1

11

80-100%

1

2

2

1

1

7

Total

8

13

12

10

6

49

104

Table 2. List of covariates used to model macroinvertebrate biotic integrity within the Upper Lynches River Sub Basin in North
and South Carolina, and the observed range of values across sampled sites (n = 49).
Variable

Description

Type

Scale

Mean (Range)

Source

Slope

Slope of target segment (m/m)
based on smoothed elevations
(Scaled by 1000)

Hydrological

Catchment

4.3 (0.0-15.3)

National Hydrology
Dataset (USGS
2019)

Stream Order

Stream order at the target segment

Hydrological

Catchment

3 (1-5)

National Hydrology
Dataset (USGS
2019)

Basal Flow Index % of basal flow to total flow (%
(BFI)
attributed to ground water
discharge) for upstream watershed
(Scaled by 10)

Hydrological

Watershed

38.6 (28.0-45.7)

StreamCAT Dataset
(Hill et al. 2015)

Index of
Catchment
Integrity (ICI)

Index of catchment integrity based
on hydrology, water chemistry,
sediment, connectivity,
temperature, and habitat provision
(Scaled by 10)

Calculated Index

Catchment

6.1 (3.0-8.9)

StreamCAT Dataset
(Hill et al. 2015)

Index of
Watershed
Integrity (IWI)

Index of upstream watershed
integrity based on hydrology, water
chemistry, sediment, connectivity,
temperature, and habitat provision

Calculated Index

Watershed

5.5 (2.8-7.4)

StreamCAT Dataset
(Hill et al. 2015)

Catchment
Canopy

% canopy cover within local
catchment (Scaled by 10)

Land Cover

Catchment

5.6 (2.3-8.5)

2016 National Land
Cover Dataset
(Yang et al. 2018)
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Riparian Canopy

% canopy cover within upstream
riparian area (Scaled by 10)

Land Cover

Riparian

7.2 (2.2-8.4)

2016 National Land
Cover Dataset
(Yang et al. 2018)

Watershed
Canopy

% canopy cover within full upstream
watershed (Scaled by 10)

Land Cover

Watershed

5.1 (1.4-7.2)

2016 National Land
Cover Dataset
(Yang et al. 2018)

Watershed Area

Upstream watershed catchment
area in Km2

Topological

Watershed

120.1 (1.3-998.8)

StreamCAT Dataset
(Hill et al. 2015)

Watershed
Physiography

% Piedmont (L3) within full upstream
watershed (Scaled by 10)

Physiographical

Watershed

6.0 (0.0-10.0)

U.S. Environmental
Protection Agency
USEPA 2013)

Stream ID

Random effect variable with 24
levels representing the stream in
which the sampling site was located

Hydrological

Watershed

NA

National Hydrology
Dataset (USGS
2019)

Temperature

Water temperature at sampling site
during time of collection (°C)

Water
Chemistry

Catchment

18.9 (10.4-27.7)

In Stream

Dissolved
Oxygen (DO)

Dissolved oxygen at sampling site
during time of collection (mg/l)

Water
Chemistry

Catchment

8.9 (2.8-14.6)

In Stream

pH

pH at sampling site during time of
collection

Water
Chemistry

Catchment

6.2 (3.9-8.5)

In Stream

Conductance

Specific conductance at sampling site Water
during time of collection (μS/m)
Chemistry

Catchment

76.0 (12.2-263.0)

In Stream
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Table 3. Ranking of candidate models used to investigate associations between land use and macroinvertebrate biotic
integrity. All models included a random effect representing stream ID. BFI = basal flow index, Cat.Can = catchment canopy,
Conduct = specific conductance, ICI = index of catchment integrity, IWI = index of watershed integrity, Rip.Can = riparian
canopy, Wat.Area = watershed area, Wat.Can = watershed canopy, Wat.Pd = watershed physiography.
Model

Structure

Ka

AICcb

ΔAICc

Likelihood

Wic

Riparian Canopy + Stream

Rip.Can + DO + Conduct + pH + (Stream ID)

6

104.63

0.00

1.00

0.95

Watershed Canopy + Stream

Wat.Can + DO + Conduct + pH + (Stream ID)

6

111.45

6.82

0.03

0.03

Catchment Canopy + Stream

Cat.Can + DO + Conduct + pH + (Stream ID)

6

113.05

8.42

0.01

0.01

Stream

DO + Conduct + pH + (Stream ID)

5

119.20

14.57

0.00

0.01

Riparian Canopy

Rip.Can + (Stream ID)

3

127.11

22.48

0.00

0.00

Watershed Canopy

Wat.Can + (Stream ID)

3

129.14

24.51

0.00

0.00

Riparian Canopy x Area

Rip.Can x Wat.Area + (Stream ID)

5

130.13

25.50

0.00

0.00

Watershed Canopy x Physiography

Wat.Can x Wat.Pd + (Stream ID)

5

130.74

26.11

0.00

0.00

Watershed Canopy x Area

Wat.Can x Wat.Area + (Stream ID)

5

131.06

26.43

0.00

0.00

Riparian Canopy x Physiography

Rip.Can x Wat.Pd + (Stream ID)

5

132.13

27.50

0.00

0.00

Stream Order

Order + (Stream ID)

3

133.27

28.64

0.00

0.00

Catchment Canopy x Area

Cat.Can x Wat.Area + (Stream ID)

5

133.42

28.79

0.00

0.00

Additive indices

ICI + IWI + (Stream ID)

4

134.63

30.00

0.00

0.00

Catchment Canopy

Cat.Can + (Stream ID)

3

135.12

30.49

0.00

0.00

Catchment Canopy x Physiography

Cat.Can x Wat.Pd + (Stream ID)

5

136.25

31.62

0.00

0.00
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Interactive indices

ICI x IWI + (Stream ID)

5

136.60

31.97

0.00

0.00

Hydrology

Slope + BFI + (Stream ID)

4

140.67

36.04

0.00

0.00

Null

(Stream ID)

2

143.66

39.03

0.00

0.00

Physiography

Wat.Pd + (Stream ID)

3

145.71

41.08

0.00

0.00

a

Number of estimated parameters in the model
Akaike’s information criterion, adjusted for small sample size
c
Relative model weight
b
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Table 4. Coefficient estimates and 95% confidence intervals for the top ranked model predicting stream biotic integrity from
macroinvertebrate collections made in the Upper Lynches River Sub-basin of North and South Carolina.
Model

Parameter

Estimate

Std. Error

Lower 95% CI

Upper 95% CI

Riparian Canopy + Stream

(Intercept)

-4.08

1.01

-6.09

-2.05

Riparian Canopy Cover

0.42

0.09

0.23

0.61

Dissolved Oxygen

1.56

0.31

0.95

2.18

pH

0.21

0.11

0.02

0.44

Specific Conductance

-0.01

0.02

-0.03

0.01
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FIGURES

Figure 1. Study area where macroinvertebrate samples were collected, consisting of three HUC 10 watersheds within the
Lynches River sub-basin of the Pee Dee River Basin.
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Figure 2. The three spatial extents used to define landcover variables while investigating patterns of biotic integrity within
the Upper Lynches River Sub-basin of North and South Carolina. Extents are defined as the local catchment (2A), the
watershed-wide 100 m riparian area (2B), and the entire upstream watershed (2C).
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Figure 3. Relationships between variables in the top-ranked model and predicted biotic
integrity using the top ranked model. Plots include riparian canopy cover (3A), pH (3B),
dissolved oxygen (3C), and specific conductance (3D). Covariate effects were predicted
while holding other variables in the model at the mean observed value. Dashed lines
represent 95% confidence intervals of the fitted regression line.

112

Figure 4. Comparison of predicted and observed biotic integrity scores after k-fold cross
validation (n = 5). Shaded area represents 95% confidence interval.
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Figure 5. Predicted conditional biotic integrity scores for target streams in the Upper Lynches River sub-basin based on
parameter estimates within the top-ranked model. Predicted scores were calculated using percent riparian canopy cover
while holding in-stream variables in the model at the mean observed values (dissolved oxygen = 8.9 mg/l, specific
conductance = 75.9 μS/cm, pH = 6.2).
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